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Abstract 
In this thesis, we present a data-driven iterative pipeline to generate, simulate and validate point-neuron models of the whole mouse 

brain. The ultimate goal is to replicate close loop experiments with a virtual body in a virtual world. This pipeline was originally created 

by a PhD student of the Blue Brain Project and this pioneer work has yielded the first versions of the model and their simulations. My 

objective is to refine, extend and consolidate the previous version of the workflow and in particular to extend the repertoire of 

neuron types by integrating and consolidating available literature data. 

The pipeline has four main parts. First, we define a pair of reference atlases to create a spatial reference for every dataset that we 

want to integrate. Second, we create a cell atlas with estimates of the number and density of the major cell types in each brain region. 

Then, we build a connectivity atlas that describes the connections of each neuron of the mouse brain and their properties. Finally, 

we assign point-neuron parameters to each of the neuron types, and synaptic parameters to each of the connection types of our 

model to obtain a point-neuron network of the mouse brain. This network can be simulated to perform mouse brain experiments in-

silico. 

In this thesis, we evaluate the quality of the different reference atlases, released by the Allen Institute for Brain Science, and provide 

methods to mitigate the impact of artifacts in the original images. We further extend the cell atlas with density estimates of more 

inhibitory neuron types. To do so, we introduce a new method to combine estimates of inhibitory neuron counts from the literature 

into a consistent framework. We also estimate inhibitory neuron density in regions where no literature data are available, using 

collected literature estimates and gene expression data from in situ hybridization image stacks. Our approach can be further extended 

to other cell types and provides a resource to build more detailed circuits of the mouse brain. Next, we refine the connectivity atlas, 

including literature findings on short-range connectivity. Additionally, we construct a database to store data collected on neuron 

types of point-neuron parameters and synaptic parameters. With the results of the previous steps, we generate an updated version 

of the whole mouse brain point-neuron network. We tested this new model against its previous version using three benchmark 

experiments.  

Keywords 

Reconstruction, whole-brain, mouse, atlases, cellular composition, connectivity, simulation, point-neurons. 
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Résumé 
Dans cette thèse, nous présentons un processus itératif, fondé sur l’intégration de données, pour générer, simuler et valider des 

modèles de réseau de point-neurones du cerveau entier de la souris. L’objectif ultime est de reproduire des expériences en cycle 

fermé avec un corps virtuel, dans un monde virtuel. Ce processus a été créé à l'origine par un doctorant du Blue Brain Project dont 

le travail de pionnier a produit les premières versions du modèle et leurs simulations. Mon objectif est d'améliorer, d'étendre et de 

consolider la version précédente de cette méthode et en particulier d’augmenter le répertoire des types de neurones en intégrant 

et en consolidant les données disponibles de la littérature.  

Le processus comprend quatre parties principales. Premièrement, nous définissons une paire d'atlas de référence afin de créer une 

référence spatiale pour chaque ensemble de données à intégrer dans notre modèle. Ensuite, nous créons un atlas cellulaire avec des 

estimations de la densité et les nombres des principaux types de cellules dans chaque région du cerveau. Ensuite, nous construisons 

un atlas de connectivité qui décrit les connexions de chaque neurone du cerveau de la souris et leurs propriétés. Enfin, nous attri-

buons des paramètres de point-neurones à chacun des types de neurones et des paramètres synaptiques à chacun des types de 

connexions de notre modèle pour obtenir un réseau de point-neurones du cerveau de la souris. Ce réseau peut être simulé pour 

reproduire n'importe quelle expérience du cerveau de la souris in-silico. 

Dans cette thèse, nous évaluons la qualité des différents atlas de référence publiés par l'Allen Institute for Brain Science et fournissons 

des outils pour atténuer l'impact des défauts de leurs images d’origine. Nous étendons l'atlas cellulaire avec des estimations de 

densité d'un plus grand nombre de types de neurones inhibiteurs dans chaque région du cerveau. Pour ce faire, nous adoptons une 

nouvelle méthode pour combiner les estimations du nombre de neurones inhibiteurs provenant de la littérature dans un cadre co-

hérent. Nous estimons également la densité des neurones inhibiteurs dans les régions pour lesquelles aucune donnée de la littérature 

n'est disponible, en utilisant les estimations de la littérature que nous avons rassemblées et les données d'expression génétique 

provenant d'images d'hybridation in situ. Notre approche peut être étendue à tout autre type de cellule et fournit une ressource 

pour construire des circuits du cerveau de la souris. Par la suite, nous améliorons l'atlas de connectivité, en incluant des résultats de 

la littérature sur la connectivité à courte distance. De plus, nous construisons une base de données pour stocker les données collec-

tées sur les paramètres point-neurones de chaque type de neurones et les paramètres synaptiques. Avec les résultats des étapes 

précédentes, nous générons une nouvelle version du réseau de point-neurones du cerveau entier de la souris. Nous comparons ce 

nouveau modèle à sa version précédente en utilisant trois expériences de référence.  

 

Mots-clés 

Reconstruction, cerveau complet, souris, atlas, composition cellulaire, connectivité, simulation, point-neurones. 
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 Introduction 
The brain is one of the most complex biological structures. Its complexity comes from billions of years of evolution and has been 

extensively studied over the past century. The Blue Brain Project (BBP) is tackling the tremendous task of reconstructing the brain in-

sillico [1]. The BBP has been creating models of small pieces of rodent brain tissue, capable of reproducing with great details the 

structure and activity of the brain. To do so, the BBP follows a data-driven approach which consists in integrating experimental data 

from the literature into coherent frameworks and using this data as parameters of the models, without fitting it, to reproduce exper-

iments. Any discrepancy with the experiment results triggers the refinement of the model and the integration of more literature 

data. The Blue Brain Project targets to reconstruct the whole mouse brain with great level of details, which includes cell morphology 

reconstructions, a neuron-to-neuron whole brain connectome and large-scale simulations. This endeavor requires therefore the in-

tegration a formidable amount of data from the literature on the mouse brain. The mouse is one of the most studied species and 

research on its brain has been widely conducted over the past century. Unfortunately, the literature on the mouse brain is incomplete 

and disparate. There is a great variability in results on the mouse brain due to inter-subject variability (such as its age or sex) but 

mostly differences in acquisition techniques. More, some results from the literature might be based on old techniques or too specific, 

for instance targeting a certain region of the brain or a certain genetic breed of the mouse. It is therefore almost impossible to 

thoroughly evaluate each value from literature and assess their quality. The BBP needs therefore for a strategy to integrate disparate 

literature data into coherent frameworks to build models of the mouse brain. 

The work presented in this thesis is part of the Blue Brain Project and explores methods to construct a data-driven null model of a 

whole mouse-brain model at the level of point neurons, that is at an intermediate level of complexity that does not incorporate the 

dendritic and axonal arborizations of neurons. The goal of this project is to provide a scaffold model of the mouse brain in which the 

detailed regional reconstructions of the BBP could be integrated and have meaningful interactions with the other brain regions. In 

particular, this work focus was to provide new methods to simplify the integration of literature data and evaluate its quality. Since 

developing and simulating a model of the whole mouse brain is beyond the scope of a single person, this work draws heavily on 

contributions from the Blue Brain Project and the Allen Institute for Brain Science (AIBS).  

Modeling and simulating the mouse brain is an iterative process. It starts with a coarse initial model that tries to integrate and con-

solidate enough of the available data for an initial simulation. Then, the model is refined over many iterations: Each iteration starts 

with a comparison of the model to experimental results. Then, the model gets corrected and refined and more data is integrated and 

consolidated. Sometimes, the model will reveal gaps in our understanding and will suggest new experiments that need to be done to 

fill those gaps. To enable an iterative refinement of our model, we want to devise a semi-automatic workflow that generates a model 

by integrating anatomical and electro-physiological data. 

 

Figure 1-1 Point neuron whole mouse brain modeling workflow. 

This figure shows the workflow to build a whole mouse brain model. Each stage is represented in different shades of blue at the bottom of the process. 

Each stage is further divided into steps corresponding to sub projects that will be further described throughout this thesis. 

 

Figure 1-1 shows the workflow that I will be using throughout this thesis was originally designed by Erö [2]. I will present the work 

that I have done to extend, consolidate and refine the work of Erö. The pipeline has four main steps. The first three steps correspond 

to the construction of three different atlases. A reference volume that defines the 3D boundaries of each brain region, a cell atlas 

that prescribes the cell types and their numbers in each brain region, and a connectivity atlas that describes how neurons within and 

between brain regions are connected to each other as well as the properties of these connections. The last step deals with the 
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simulation of a whole-brain model, that is with embedding the brain model into a body model and simulating the model using ap-

propriate software tools.  

1.1 State of the art for whole-brain modeling 

In recent years, several authors have published models of entire brains by combining and connecting model neurons in a way that 

qualitatively resembles a mammalian brain (see review by Stiefel and Brook [3]). However, none of these proposed a reproducible 

workflow to generate and iteratively refine models, based on large-scale experimental data, such as the approach presented here. 

In short, most approaches to modeling the brain (or brain regions) follow one of two approaches. The first approach is called bottom-

up modeling. Bottom-up models are constructed from some basic constituents (e.g., the neurons) upwards to understand the mac-

roscopic behavior of circuits constructed in this way. The most prominent example of the bottom-up approach are the circuit models 

published by the Blue Brain Project [4], [5]. With this bottom-up approach, neuroscientists were able to reconstruct brain tissues 

with great detail. Unfortunately, it is more difficult with this approach to re-use the knowledge obtained on a piece of the brain in 

another brain region, as each of them have unique roles and properties.  

The second approach is the top-down approach. Top-down models try to implement one or more high-level functions of the brain, 

ignoring most of the anatomical and physiological structures that give rise to these functions. This approach tries to understand the 

role of each brain region and how their interactions allow the brain to process information and command the body. The most prom-

inent example of a top-down model is probably SPAUN [6]. However, as the top-down approach focuses on the functions of the brain, 

it is usually more difficult to link any of these functions to structural or physiological properties of cells or regions.  

The work presented in these thesis draws a bridge between the top-down and bottom-up approaches, by creating a point-neuron 

scaffold of the whole mouse brain. This model is meant to be a reference of the structure of the brain and a placeholder for any 

property of the mouse brain. It should be used as an anchor point for bottom-up approaches to place their models in the greater 

context of the whole brain. On the other side, it offers a reference of the structure of the network within the brain that can help top-

down approaches to attach the functions of the brain to biological properties. Our model and the pipeline behind it should therefore 

be able to integrate heterogeneous datasets from literature in a coherent framework. Moreover, it should provide a default solution 

in absence of data. Finally, the model should offer tools to analyze the structure, properties, and activity of the brain network in order 

to define necessary corrections to implement in the model. In this cycle of integration of new data, refinement of the model and the 

methods, simulation, and analysis of the results, we ensure that our model will improve with each iteration. Our approach is data-

driven by definition, which means that we are not fitting our parameters to obtain specific features but rather we let the features 

emerge from the constraints defined by the data. This work fits into the Blue Brain Project (BBP) roadmap as it provides a reference 

placeholder that will be refined with the detailed reconstructions of brain tissues that have been done in the laboratory. More pre-

cisely, the pipeline fits in the BBP most recent milestone that targets the creation of a whole mouse brain model. 

1.1.1 A workflow to generate simulate and analyze scaffold models of the mouse brain 

The goal of this work is to provide a data-driven iterative process to generate, simulate and validate point-neuron whole brain models 

of the mouse with the ultimate goal to replicate close loop experiments with a virtual body in a virtual world. Our workflow comprises 

several stages corresponding to the different atlas models, shown in Figure 1-1.   

The process starts with the definition of a pair of Reference Atlases: an annotation atlas and a Nissl volume. These two brain volumes 

are used as spatial reference to realign each dataset of the pipeline. The annotation atlas associates a brain region to each voxel of 

the brain, which allows for instance, to estimate the volume of brain regions. The Nissl atlas is a three-dimensional brain volume, 

reconstructed from an aligned image stack of Nissl-stained brain slices [7]. The AIBS Nissl volume is derived from the original experi-

ment from Dong [7], which means that it suffers from the artifacts of the original dataset. Original images have been torn and contain 

artifacts in the Nissl intensity due to holes or over/under exposure. These artifacts will have an impact on the cell density estimations. 

Hence, I worked on several tools to improve the quality of these datasets. These tools will be described in the following chapter. 

Nissl stains primarily cell somas. This property was used by Erö et al. [8] to estimate the cell densities in the whole mouse brain and 

build the first whole mouse brain cell atlas (BBCAv1). This cell atlas describes the cellular composition in the whole mouse brain. Its 

construction proceeds in a coarse-to-fine approach. Each step refines the model by providing a more fine-grained cell type to the 

model. In the end, the cell Atlas provides a position and a cell type label to each cell in the model. In the third chapter, I will describe 

the work to refine the Cell atlas of the mouse brain. In particular, this chapter will focus on a new method to integrate heterogeneous 
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and sometimes contradicting data from literature in a consistent framework. We will produce a new version of the Cell Atlas which 

integrates more cellular types and facilitates its future extension. 

Then, we build a connectome of the mouse brain registering the connections between each neuron of the Cell atlas: a connectivity 

atlas. This model uses Adeno-associated virus (AAV) tracer injections datasets from the AIBS for long-range connectivity and kernel-

based connectivity for short-range connectivity. In Chapter 4, I will propose a new solution to integrate connection type properties. 

Literature provides indeed some information about how the diverse types of neurons in the brain connect to each other. We need a 

method to store this information and retrieve it while creating the connectome of the brain. 

The combination of the Cell atlas and the Connectivity atlas allows the creation of a point neuron network of the whole mouse brain. 

This is done by assigning a set of electrical parameters to each neuron of the Cell Atlas and similarly synaptic parameters to each 

connection of the Connectivity Atlas. Once a new version of the whole brain model is created, we should be able to benchmark it in 

simulations and compare its results to the previous instance of the model created. In Chapter 5, I will present three benchmark 

experiments that I used to test the new whole brain model.  

1.1.2 Building a cell atlas of the mouse brain 

Over the past century, numerous studies have reported a vast variety of cells in the mouse brain according to their morphological, 

electrical, and molecular features. Several groups such as the BRAIN Initiative® have launched ambitious projects to undertake a 

comprehensive census of all brain cells, determining their molecular, structural, and functional properties [9]–[12]. Building a catalog 

of the vast diversity of neuron types in the brain is a challenge for modern neuroscience. Characterizing this variety is exacerbated 

by the fact that distinct cell types are localized to specific brain regions - for example, pyramidal cells in the cerebral cortex or Purkinje 

cells in the cerebellum [13], [14]. Therefore, studies tend to simplify this task by focusing on specific brain regions only. Moreover, 

the variety of methods used results in considerable variability in the outcomes, even when the same region is considered [15]–[17]. 

The cellular composition problem can only be conclusively solved by integrating disparate datasets from literature into a coherent 

framework. Obtaining a complete and comprehensive cell atlas of the mouse brain is, therefore, a monumental task, which needs to 

be tackled to enable the in-silico reconstruction of multi-scale neural circuits [4], [14], [18]–[20]. 

Erö and colleagues [8] were able to estimate the cellular composition of each brain region defined by the Allen Mouse Brain Atlas [7] 

with respect to excitatory (glutamatergic) and inhibitory (GABAergic) neurons, astrocytes, oligodendrocytes, and microglia. The au-

thors aligned multiple datasets, including genetic marker expression from in situ hybridization (ISH) experiments from the Allen In-

stitute for Brain Science (AIBS) to the Allen Reference Nissl volume from Lein et al. [21], to determine the positions of all cells within 

the annotation volume. The authors used global constraints from the literature [17], such as the total number of cells and neurons 

in the mouse brain from Herculano-Houzel et al. [22] to avoid any bias toward a particular region. This resulted in the first version of 

the Blue Brain Mouse Cell Atlas pipeline (BBCAv1) as described in Erö et al. [8].  

1.1.3 State of the art on mouse brain connectome reconstruction 

Once the cellular composition of the whole brain is defined, we need to describe how these cells connect to each other to form the 

brain network. In this thesis, we will focus on the neural circuitry as the impact of glia cells on neuronal activity is not well defined as 

for now. Neurons connect to each other mostly by creating synapses on the apposition of the axon of the source neurons on the 

dendrites of the target neurons. Multiple studies have described the whole brain connectome, whether defining it with functional or 

structural connectivity and at different scales. Reconstructing the brain connectome is a complex task due to the wide variety of cell 

and connection types that compose it. Some approaches attempt to reconstruct the connectome of the brain from a functional point 

of view [23]–[26]. These approaches leverage in-vivo brain imaging techniques to deduce connections between regions of the brain 

based on its activity during resting-state or specific task experiments. For instance, Allen et al. [23] uses functional magnetic reso-

nance imaging to study the macro-scale spatio-temporal activity of the brain. From these images, the authors could analyze time-

correlations between regions of the brain which are translated into connections between these regions. Local motifs of correlated 

activity have also been studied using more precise imaging techniques such as Calcium [25] or Voltage Sensitive Dye imaging [26]. 

These techniques provide a lot of information on the macro-scale to the meso-scale structure of the brain. However, these in-vivo 

imaging techniques highlight correlation of activity which sometimes does not translate to actual direct synaptic connections. A cor-

relation of activity between a pair of regions might be the result of the activity in a third region, which might be difficult to prove 

without knowing the underlying structure and the delay of propagation between regions of the brain. Moreover, the spatial resolu-

tion of the signal images makes it difficult to deduce any cell-to-cell connectivity. The wide range of electrical parameters involved 

during brain activity cannot be deduced solely based on brain activity without overfitting. 
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Other studies leverage morphology reconstructions of the neurons to find appositions between their arborizations once placed in 

the brain volume [4], [27]. Morphology appositions are pruned to extract synapses which gives the complete connectome of the 

circuit reconstructed. However, neuron morphologies are not known in every region of the brain and their axon projections are 

usually not reconstructed as it can spread across multiple regions of the brain. Several groups work on the reconstruction of long 

morphologies that spread across the whole mouse brain [28]. Unfortunately, the hundreds of high-quality reconstructions that this 

endeavor could produce are sparsely covering the whole brain and will not be sufficient to reconstruct a whole brain connectome. 

Other studies use markers to highlight the arborization of neurons of the brain. Among them, recombinant adeno-associated viruses 

(AAV) are widely used to infect a population of neurons in the mouse brain and make them express green fluorescent protein (GFP) 

in their dendritic or axonal projections. Oh et al. [29] performed thousands of anterograde rAAV injections in order to highlight axonal 

projections in the mouse brain and reconstruct its mesoscale connectivity matrix. The rAAV virus infects every neuron in its injection 

vicinity which means it is difficult to link the axonal projections highlighted to a specific neuron population. Some studies therefore 

use modified rAAV tracers that target specific neural populations [30]. The anterograde rAAV tracer highlights the entire axonal 

arborization, and when injected in a population of neurons, it is sometimes difficult to predict in which parts of the brain these axons 

create actual connections. A solution for this issue is to inject both an anterograde and a retrograde virus in the predicted target 

region of the projection studied [31]. The mesoscale connectivity matrix obtained through these studies is however difficult to trans-

late into cell-to-cell connectivity matrix as the tracers injected infect multiple neurons and do not give any information on the elec-

trical properties of the connections it highlights. 

The electrical properties of these synapses can be studied using multiple patch clamp recordings and modeled with great details. 

Using this technique, the complete connectome of micro-organisms could be reconstructed [32]. However, each neuron of the mouse 

brain can create up to thousands of synapses, each synapse with its own set of parameters. Reconstructing the whole brain connec-

tome by analyzing each neuron individually would be a task too long and tedious to be achieved in decent times. Studies tend to 

regroup synapses into types according to the source and target neurons they connect [4], [14]. 
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 Reference atlases of the mouse 

brain 

2.1 Introduction  

The whole mouse brain pipeline is defined according to a pair of reference volumes: an annotation atlas and a Nissl volume. These 

volumes are used to align other mouse brain datasets from the AIBS to a common vector space. Examples are in situ hybridization 

experiments to determine gene expression patterns or the rAAV tracer studies to determine the mouse meso-scale connectome   

[21], [29]. Since the vector space is common for all datasets, it has been termed: the Common Coordinate Framework (CCF). Addi-

tionally, the reference atlases can be used to compute cell orientations and depth within brain regions, which are required infor-

mation to place neuron morphologies in the mouse brain. In this thesis, we will use the reference datasets from the AIBS as the basis 

for our cell atlas and whole-brain model, as they are widely used by the neuroscience community.  

Over the years, the Allen Institute has produced multiple versions of the Common Coordinate Framework, each with its own set of 

advantages and disadvantages. The first version of the CCF still had a jagged and noisy reference volume but was closely aligned to a 

stack of Nissl-stained images from a single individual. Later version of the CCF had a much smoother reference volume, which was 

derived by averaging data from many individuals. However, as a result, the correspondence to the Nissl data of one individual was 

lost. In this chapter, we will explore different approaches to adapt these reference atlases for our purposes and provide methods to 

choose the best pair of reference atlas to estimate cell densities in all annotated brain regions. 

2.1.1 AIBS mouse brain reference atlases 

Each AIBS Nissl reference volume is derived from high resolution image stacks of Nissl-stained coronal brain slices [7]. These images 

are realigned and arranged to form a 3D brain volume. Nissl stains each cell somas. The intensity of each voxel of the Nissl volume 

correlates with the number of cells in this voxel. This Nissl volume has a corresponding annotation volume (AV) which maps each 

voxel of the Nissl volume to a brain region. The AIBS organize brain regions in a hierarchical tree, with leaves representing the finest 

parcellation.  

The original AIBS Nissl datasets were produced by Dong [7]. The data consists of 25 µm thick coronal slices (Nissl stained) from an 

adult wild-type mouse brain (P56). High-resolution images of these slices were arranged to form a 3D brain volume. In addition, 

experts manually traced the contours of each brain region on the right side of each image. The annotations were then mirrored to 

the left side of the images. To match this new annotation volume the left side of the Nissl volume was also obtained by mirroring the 

other side. The final images were then down sampled to form the first version of the Nissl volume (Nissl1) and Annotation volume 

(AV1), published in 2011. Since its first publication, the AIBS has released multiple versions of the Allen Brain Nissl volume and their 

associated annotation volumes. 

At the level of individual slices, Nissl1 and AV1 were well aligned to each other, while adjacent slices were not. This rather led to a 

jagged Nissl brain volume and annotation volume. Therefore, Erö et al. [8] realigned adjacent Nissl and AV slices along the sagittal 

axis with a non-rigid algorithm to create a new reference pair Nisslbbp + AVbbp, the CCFbbp (see Figure 2-1A). This annotation volume 

(AVbbp) labels 955 unique region id including fibers tracts and is the basis for the Blue Brain Cell Atlas. The resulting brain volume is 

still jagged despite realignment and contains some holes due to the absence of the annotations for the ventricles (these were added 

in 2015). Additionally, some voxels of the AVbbp are not assigned to their closest leaf region. 
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Figure 2-1 Comparison of different versions of the AIBS reference volumes. 

Different versions of the reference volumes are shown in sagittal view. Top row: annotation volumes and bottom row: corresponding Nissl volumes. 

Brain regions in the annotation volumes are shown in arbitrary shades of green. (A) The CCFbbp annotation and Nisslbbp volume. (B) The CCFv2 anno-

tation and Nissl2 volume. (C) CCFv3 annotation volume and AIBS average brain volume. While all versions are based on the original Nissl1 + AV1 AIBS 

datasets released in 2011, significant differences can be observed: CCFv3 (C) has the smoothest annotation and brain volumes. However, the version 

has no associated Nissl volume as in (A) and (B) and the average brain volume from which it has been derived cannot be used for cell density estima-

tion. 

The AIBS used a comparable technique to obtain the CCFv2 (see Figure 2-1B), comprising Nissl2 + AV2. Both Nissl1 and Nissl2 are 

obtained from the same individual, but Nissl2 is aligned to an averaged mouse brain volume (see Figure 2-1C bottom) that was 

obtained from over a thousand adeno-associated virus (AAV) tracer experiments [29], [33]. AV2 has 963 unique region ids, including 

fibers and ventricles. Both AVbbp and AV2 still have jagged edges and some voxels do not belong to a leaf region in the region hierar-

chy. The AIBS then published a third AV version (AV3) that was completely derived from this average brain (see Figure 2-1C), using 

the pipeline described in Wang et al. [34]. While AV3 is the smoothest available AV, it no longer has an associated Nissl volume; it is 

paired with the closest Nissl volume available (Nissl2). AV3 has only 839 unique region ids, including new region ids for the isocortex, 

thalamus and brainstem. However, some important structures such as the molecular and granular layers of the cerebellum are no 

longer identified in AV3 but have been merged.  

2.1.2 Nissl volume artifacts 

Since the Nissl volumes were generated from high-resolution images of physical brain slices, they have also captured artifacts from 

the original microscopy images from Dong [7] .  Figure 2-2 illustrates some of these artifacts, including differences in exposure levels 

during image acquisition (arrows in A) as well as bubbles, tissue tears (arrows in B). To quantify exposure differences between adja-

cent slices, we computed the median Nissl expression along the rostral-caudal axis. Figure 2-2A shows the sagittal projection of the 

median Nissl expression level. The corresponding medial values are shown for the entire brain in C and for isocortex only in D. The 



Reference atlases of the mouse brain 

19 

colored bars indicate significant changes in exposure levels. Sometimes individual slices are exposed so differently from the neigh-

boring slices, that they show up as spikes in the median plots (see arrow in A and spikes at the same section position in C and D).  

Figure 2-2

 

Figure 2-2 Illustration of Nissl volume artifacts. 

(A) Sagittal projection of the median expression of the Nissl volume realigned in Erö et al. [8] (Nisslbbp). Regions with high Nissl intensity appear in dark 

gray. The blue, orange and green lines behind the sagittal slice highlight the rapid changes of Nissl expression coming from the original Nissl experi-

ment from Dong [7]. Arrows show single coronal slices with high Nissl expression value in comparison with their neighboring slices. 

(B) Coronal slice of the Nisslbbp reference atlas, showing cells of the mouse brain. The arrows show artifacts in the volume due to image acquisitions: 

bubbles, shrinking, etc. 

(C) (D) Evolution of the median expression level along the sagittal axis, in the Nissl, for the whole brain (C) and the isocortex (D). Colored lines indicate 

the location of the rapid changes of Nissl expression that were detected in (A). These changes translate into an overall rise or drop in expression levels 

in (C) and (D). 

 

Although annotations were drawn on top of the Nissl images (for CCFbbp and CCFv2), the resulting volumes are sometimes locally 

not perfectly aligned to each other. For CCFv3, the misalignment is even worse, since AV3 was not derived from a Nissl volume. In 

particular, AV3 is not aligned to Nissl2. This can lead to errors in the computation of the volumes and cell densities in the different 

brain regions. 

2.2 Methods 

2.2.1 Correct Nissl volume artifacts 

In this section, we propose some ways to correct artifacts in the Nissl volume and to measure their effectiveness to improve the 

estimation of cell and neuron densities. To correct Nissl artifacts, we need some a priori knowledge about the intensity of Nissl in the 

affected brain regions. We will therefore focus on the isocortex for which we assume that the Nissl intensity of each layer should be 

relatively constant across regions. We will further assume that the intensity of Nissl in layers 2 to 6 is similar. Our assumptions imply 

that the Nissl intensity across coronal slices should follow the same distribution. We can therefore use the Nissl distribution in one 

coronal slice of the isocortex as a reference and match the distribution of all other slices. This corresponds to a histogram-matching 

algorithm. Here, it will be used to compensate for the exposure differences detected in Figure 2-2. As reference, we chose the coronal 

slice with the most voxels labeled as a cortical region (see Figure 2-3A). Since this slice is within the range of reduced expression levels 

(see  Figure 2-2ACD between blue and orange markers), histogram matching will reduce the level of Nissl expression for isocortex in 
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slices outside this range. However, the total estimated numbers of cells and neurons in the isocortex should not be affected, since 

Erö et al. algorithm [8] tries to match specific targets from Herculano-Houzel et al. [22]. Figure 2-3A shows the selected reference 

slice. It not only has the largest proportion of cortical voxels, but it is also a slice with very few artifacts, which makes it a good 

reference for histogram matching. The annotations of L1 and L2-L6 are indicated in blue and orange, respectively. We computed the 

histogram of Nissl expression in L1 and L2-L6 in the reference slice and matched the distribution of the corresponding layers in all 

other slices. Figure 2-3B shows the Nissl intensity distribution for L1 (top) and L2-L6 (bottom). We notice that the distribution of the 

Nissl intensity in L1 has a long right tail, indicating voxels with high Nissl intensity values. These voxels are likely artifacts and should 

not appear in a layer with low cell density. In fact, as we can see in Figure 2-3A, some voxels of L2 with higher cell density (darker 

because denser in cells) have been mislabeled as L1. As we will discuss in Section 2.2.3, these errors have a significant effect on cell 

density estimation. Unfortunately, histogram matching will propagate these artifacts to other coronal slices. We applied the histo-

gram matching algorithm to the isocortex (see Figure 2-3C) and obtained a new Nissl volume (see Figure 2-3D middle panel) 

 

Figure 2-3: Corrections the CCFv2 Nissl datasets artifacts. 

(A) Coronal cortical Nissl slice used as reference for histogram matching (slice position=138). The CCFv2 Nissl expression is shown in levels of gray and 

the annotations are overlaid in colors.  

(B) Histograms of the Nissl intensity in the coronal cortical reference slice (A) in the original and blurred CCFv2 Nissl volume. These histograms were 

normalized to estimate the empirical distribution of the Nissl intensity in the reference slice. Then, this distribution was applied to all other coronal 

slices. 

(C) Sagittal section of the original CCFv2 Nissl volume showing the isocortex only. 

(D) Sagittal section of the CCFv2 Nissl volumes obtained after blurring (left panel), histogram matching (middle panel) and combination of the two 

methods (right panel).  

 

To remove local perturbations of the Nissl expression, we used a Gaussian filter to smoothen the intra-layer Nissl expression. The 

Gaussian filter was applied to L1 and L2-L6 separately and isolated from the rest of the brain. We chose a low standard deviation for 

the filter (here 3 voxels) to maintain potential inter-region differences. The Gaussian filter was applied along the sagittal direction as 

local artifacts are usually located in a single coronal slice (see results in Figure 2-3D left panel).  

We also tested the combination of Gaussian filtering (blurring) and histogram matching (see results in Figure 2-3D right panel). The 

effects of these methods on the Nissl dataset can be compared in Figure 2-3CD. 
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2.2.2 Alignment of annotation volumes 

The AV3 is the smoothest AV available and should therefore be the best candidate to build models of the mouse brain. However, 

AV3 lacks some important subregions that were still present in AV2 (e.g., molecular and granular layers of subregions of cerebellar 

cortex). In order to obtain the most detailed and smoothest AV, we want to realign the AV2 to AV3 so that we can combine them to 

obtain the most complete region description. In this chapter, we will present an approach to improve the alignment between the 

two AV dataset versions.  

The algorithm presented here is based on the Advanced Normalization Tools (ANTs) software package [35] as described by Krepl et 

al. [36]. ANTs allows the registration of an input dataset (image or volume) according to a reference dataset. This is done by compu-

ting a displacement field which can be applied to the input dataset to match its reference. Here we want voxels of the AV2 (containing 

regions id) to match those of AV3. 

Since AV2 and AV3 do not use the same set of region ids, the task of realigning their subregions is more difficult. we therefore first 

re-labelled voxels of AV2 and AV3 so that they can be compared to each other. Voxels labeled with not common ids were set to their 

closest common parent id. For instance, hippocampus CA1 subregions are not present in AV3 but are in AV2. Voxels in AV2 belonging 

to these subregions were relabeled to hippocampus CA1. Additionally, some isolated voxels in AV2 were not labeled with the most 

precise region id. We assigned to these voxels the id of the closest leaf region, using a Breadth-First-Search algorithm. Finally, for the 

isocortex, we also kept the layer subdivision of the AV when it was possible, as it gives more landmarks for ANTs to work with. For 

instance, in the visual areas, the AV3 have introduced new regions without any link to the region segmentation in AV2. All L1 regions 

of the visual areas were hence labeled with the same id and similarly for layer 2 to 6.  

This procedure yielded two new AVs (AV2’ and AV3’) from respectively the AV2 and AV3 (see Figure 2-4AB). These datasets describe 

the same brain volume with the same set of region ids which means that the AV2’ should correspond to a slightly deformed AV3’. 

These deformations can be captured by ANTs. we used ANTs Symmetric Normalization method which computes linear deformations 

(translations, rotations) to the entire volume to maximize a similarity between the reference and the moving datasets. However, 

there are several difficulties that we needed to address: 

1. ANTs realignment is based on features detection in the voxels’ intensity of the input datasets. However, the AVs’ voxel 

contains the regions’ id, and these ids are arbitrarily distributed in the brain. ANTs will give more weight to the boundary 

between regions with distant ids as it will detect it as a feature. Conversely, the boundary between regions with consecutive 

ids might not be detected as a feature. 

2. The voxels within a region all have the same weight which allows ANTs to move them arbitrarily.  

3. After registration, ANTs provides a displacement field of the whole dataset (see Figure 2-4F for an example displacement 

field), which means that the corrections applied to a small region of the brain affect all other regions. 

To simplify the problem, we applied the realignment to the borders of each brain region, because if the borders of the AV2’ match 

the AV3’ counterparts, the voxels within the region should do so too. The borders of a region are defined as the set of voxels sur-

rounding the region of interest (see Figure 2-4CD). If the ANTs registration tool were to be applied on the whole brain dataset with 

all the regions borders, it would be more difficult for the program to determine which border should be realign to which. We therefore 

only apply the registration tool on isolated borders (i.e., region by region). Finally, we limited the effect of the displacement field 

obtained after registering a region on the others, by authorizing the displacement on the voxels that belong to the parent region (see 

example authorized mask in Figure 2-4E). For instance, when realigning SSCtx-LL layer 1, the resulting displacement field should only 

affect voxels within SSCtx-LL. This means also that SSCtx-LL must be realigned before realigning its layers.  

The algorithm therefore follows the region hierarchy from top to bottom. For each region, the algorithm takes the borders of its 

direct children in AV2’ and registers them to their counterparts in AV3’. The displacement field is applied to the region voxels of AV2’ 

while the remaining voxels remain fixed. We repeated this step until the registration converged, which means that the displacement 

field was not improving the alignment of the AV2’ with respect to AV3’. The realignment score for a region r was defined as the ratio 

of incorrect border voxels in AV2’ according to AV3’ after registration: 

 
𝑠𝑐𝑜𝑟𝑒(𝑟) = 1 −  

𝑐𝑜𝑢𝑛𝑡(𝑏𝑜𝑟𝑑𝑒𝑟_𝑣𝑜𝑥𝑒𝑙_𝐴𝑉2′(𝑟) ≠ 𝑏𝑜𝑟𝑑𝑒𝑟_𝑣𝑜𝑥𝑒𝑙_𝐴𝑉3′(𝑟))

𝑐𝑜𝑢𝑛𝑡(𝑏𝑜𝑟𝑑𝑒𝑟_𝑣𝑜𝑥𝑒𝑙_𝐴𝑉3′(𝑟))
  

Equation 2-1 

 

To measure the quality of the realignment, we also used the Intersection over Union metric (IoU). This metric is commonly used to 

evaluate algorithms that detect objects in images. The predicted area (Apredicted) where the object is detected can be directly compared 
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to the ground truth area (Areference). The IoU is defined by the ratio of the area common to the prediction and the ground truth divided 

by the area of the union of the two areas: 

 
𝐼𝑜𝑈 =

𝐴𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ∩ 𝐴𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝐴𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ∪ 𝐴𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
  

Equation 2-2 

We calculated the mean of the IoU of each coronal slice of the AV’, comparing the areas occupied by each brain region of the AV3’ 

and the AV2’ at each step of the algorithm. 

 

Figure 2-4: Alignment of the AV2 to the AV3. 

(A) (B) Merged version of respectively the CCFv2 (AV2’) and CCFv3 annotation atlas (AV3’). The regions ids of the AV2 were changed to match the 

ones present in the AV3 and vice versa for the AV3’. These versions of the annotation atlas have the same set of region ids. To each brain subregion 

of the annotation volume is assigned a random color. 

(C) (D) Coronal slice of the brain showing the border of the “Basic cell groups and regions” region in respectively the AV2’ and AV2’.  

(E) Mask of the “root” region in the AV2’, i.e., the parent region of the “Basic cell groups and regions” region according to the AIBS region hierarchy. 

(F) Displacement field computed with the ANTs realignment tool to realign the image (B) to the reference image (D). This displacement field, limited 

to the mask (E), was applied to the AV2’ to match the AV3’. 
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2.2.3 Alignment of the Nissl volume to the Annotation atlas 

When we estimate cell densities from a Nissl volume using Erö et al.’s method [8], different combinations of Nissl volumes and 

annotation atlases yield different results (see Figure 2-5CD). In this section, we present our analysis to identify the best reference 

dataset pair (referred to as CCF version) for density estimation. We find that the quality of cell density estimation strongly depends 

on how well the Nissl volume is aligned to the annotation volume. 

Poor alignment means that parts of one region in the Nissl volume are mislabeled as being part of a neighboring region. This means 

also, that parts of the cell estimates are assigned to wrong regions. To assess the quality of the alignment we look at parts of the 

brain where the boundary between two regions is clearly visible in the Nissl volume, specifically the border between layer 1 and layer 

2 in the isocortex and the border between the molecular and granular layers of the cerebellar cortex. Figure 2-5AB illustrates the 

quality of alignment between Nissl and AV volumes for the different reference atlases for these regions. 

We apply the Erö et al. pipeline [8], for the three pairs of annotation/Nissl volumes: 

1. the CCFbbp version derived from the Nissl1 and AV1, which we name Nissl1a and AV1a. 

2. the CCFv2 version (Nissl2 + AV2) from the AIBS also derived from the Nissl1 and AV1. These datasets are publicly available 

on the AIBS website [37], [38]. 

3. the CCFv3 version (Nissl2 + AV3), 2017 release version (most recent) also created by the AIBS and accessible on their web-

site [39]. 

For each pair of reference volumes, we first estimate the densities of cells and neurons per voxel in the corresponding brain volume, 

based on the total number of neurons given by Herculano-Houzel et al. [22]. We then compare the resulting distribution of cell 

densities to each other and to the literature (see Figure 2-5CD) [40]–[42]. Despite an overall agreement (see Sup. Figure 1), we ob-

serve significant differences for smaller regions. For regions with low cell density such as isocortex layer 1, this difference can scale 

up to two times more cells for CCFv3 as compared to CCFv2 (see Figure 2-5C), and even more compared to some literature values.  

To quantify the impact of such misalignments more precisely, we manually realign AV2 to Nissl2 for the lingula, and flocculus regions 

of the cerebellum. The cerebellar cortex is composed of three layers with very different cell distribution: the granular layer, the 

Purkinje layer, and the molecular layer. The Purkinje layer is a single cell thick layer of Purkinje cells. The granular layer is a very dense 

region containing mostly granular cells which have very small somas. Finally, the molecular layer has a low cell density and contains 

two populations of inhibitory neurons (Stellate and Basket cells). First, we relabel the voxels of the Flocculus, Crus 1 and Lingula as 

either molecular layer or granular (+ Purkinje) layer based on their Nissl intensity. Indeed, the significant difference in cell densities 

between the granular and molecular layer is also present in the distribution of Nissl intensity (see Figure 2-6A). We chose a threshold 

of Nissl intensity based on user-selected voxels at the observed border between the two regions. Results are shown in Figure 2-6B. 

The borders of the regions were sometimes incorrect, and some artifacts were still present (see Figure 2-6C). We manually corrected 

these issues and obtained a new version of the annotation atlas for these regions. The manual correction of the annotations is how-

ever a very tedious and time-consuming task, even at a voxel resolution of 25um. We therefore applied correction solely on the 

flocculus and lingula. 

We find that these corrections indeed lead to density estimates closer to their literature values (see Figure 2-5D).  
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Figure 2-5 Impact of the quality of alignment between Nissl and annotation volumes on the estimation of cell densities. 

Panels (A) and (B) show the precision of alignment between the Nissl datasets in gray and their respective annotation atlases overlaid as colors 

(coronal slices). Boundaries between annotated regions, when available, are shown in yellow. The different CCF versions are shown from left to right: 

CCFbbp, CCFv2 from the AIBS, and CCFv3 from the AIBS. Panels (C) and (D) compare the estimated neuron densities using the Erö et al. pipeline [8] 

based on each reference atlas version to literature (bars in brick red with black outline). Each reference atlas version appears in distinct colors: dark 

blue for CCFbbp, orange for CCFv2, light blue for CCFv3, and green for the manually realigned AV2 and Nissl2. 

(A) Focus on the isocortex layer 1/layer 2 boundaries. On the right of each image, layer 1 and layer 2 annotations are shown respectively in blue and 

orange, on top of the Nissl expression. The density difference between layer 1 and layer 2 creates a visible boundary (see left part of the images). 

However, in each CCF version, parts of the denser layer 2 are annotated as layer 1, raising the estimated density of neurons for layer 1 (and vice versa 

with voxels of layer 1 in layer 2). The magnifications shown for CCFv3 highlight some examples of this problem. 

(B) Focus on the cerebellar cortex, granular/molecular boundary (Purkinje layer not represented). Each subregion of the cerebellar cortex in the 

annotation atlas is displayed on top of the Nissl dataset with a distinct color. Molecular (ML) and granular (GL) layers are shown in different shades 

of the same color, except for CCFv3 which does not distinguish these layers anymore. Here also, the annotation boundaries do not follow the visible 

density changes between these layers in the Nissl data.  

(C) Focus on different regions of the isocortex layer 1. For these regions, the neuron densities produced with the pipeline using each CCF version are 

greater than their literature counterpart. Using the CCFv3 version (light blue bars) yields the worst estimates. Regions shown: Primary somatosensory 

area, barrel field (BF); Primary visual area (VA); Primary somatosensory area (SS); Prelimbic area (PV).  

(D) Focus on lingula (Ling) and flocculus (Floc) regions of the cerebellum. Results of the manual alignment of the AV2 with Nissl2 are shown with green 

bars. Density estimates are normalized according to the densities obtained with the CCFbbp. We observe that after manual realignment, estimates 

tend to be closer to literature values than for the other CCF versions. CCFv3 estimates are not shown, because its AV lacks the separation between 

molecular and granular layers. 
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Figure 2-6: Manual realignment of the cerebellar cortex. 

(A) Normalized histogram of the distribution of Nissl intensity of the cerebellar cortex in the Nissl2 dataset based on the AV2. The two peaks of density 

correspond respectively to the granular and molecular layer. The vertical orange line corresponds to the threshold chosen to separate the molecular 

layer from the other layers in the manual correction process. 

(B) Coronal slice AV2, showing only the cerebellar cortex annotations after the separation of the layers based on Nissl intensity. 

(C) Coronal slice of the cerebellar cortex showing the manual corrections of the annotations of the flocculus. The Nissl volume is shown in levels of 

gray, white and black representing respectively the highest and lowest Nissl intensity in the slice. Annotations are overlaid in semitransparent colors. 

The red, green, and blue regions are annotated as respectively granular (+Purkinje) layer, molecular layer, and cerebellar fiber tracts. 

 

We also reproduce the figure 7A from Erö et al. [8], comparing the literature values with their estimates, using the different pairs of 

reference atlases. However, the results are not conclusive enough to select a reference atlas version because most of the generated 

cell counts agree with their literature counterparts within their range of variability (see Sup. Figure 1). 

2.2.4 Orientation and Depth 

Most neurons in the brain are oriented towards particular locations in the brain where they send their axons or dendrites. In isocor-

tex, for instance, most neurons point their dendrites towards the pia [4]. Some cell types are also distributed differently according to 

their position within a region and their distance towards a certain point. This is the case of the stellate and basket cells in the molec-

ular layer of the cerebellar cortex. Basket cells are located next to the Purkinje layer and occupy a third of the volume of the molecular 

layer while the Stellate cells cover the other two thirds of its volume [14]. Similarly, inhibitory neurons in the hippocampus CAs are 

more densely located in the upper part of the region [43]. It is therefore critical for neuroscience modelists to be able to compute 

the vector fields pointing away or towards particular locations in the brain. Moreover, several literature reports depth-based density 

[43] or connectivity rules [14], that our model would need to integrate. Processing the distance towards particular locations in the 

mouse brain is also crucial for in-silico modeling. For instance, assigning morphologies to cells requires knowing the space available 

for them [4].  

We want our whole brain models to be used by other researchers in the Blue Brain Project as a scaffold to build circuits of the mouse 

brain. Our pipeline must therefore provide them the tools to process the orientation fields and distances in the mouse brain.  
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2.2.4.1 Gradient-based approach for orientation field computation 

Erö [2] developed a simple algorithm to compute the orientation field within a region, based solely on the annotation volume and a 

list of source and target region. The algorithm is defined as follows: 

1. Create a volumetric dataset where every voxel of the source regions according to the annotation volume is set to -1, the 

voxels of the target regions set to 1 and the rest is set to 0. 

2. Apply a Gaussian filter on the dataset. This step propagates the weight defined at the previous step to the voxels between 

them.  

3. Compute the 3D gradient of the voxels within the region of interest on the resulting dataset and normalize the resulting 

vector field.  

This process can also be performed on a single brain hemisphere which can be useful when the target is situated at the hemisphere 

border. While being quite simple and fast, this algorithm produces decent results on various brain regions such as the isocortex or 

the hippocampus CAs. This algorithm has however some drawbacks (see Figure 2-7): 

1. The inner order of the region is not guaranteed. For instance, in isocortex, the field will point towards the outside no matter 

if it means that the vector will cross the regions in the wrong order (arrows on the right of both panels of Figure 2-7). 

2. If the target regions are thin enough then the gradient might point towards the interior of the region of interest. 

3. The target must be a brain region which sometimes can be surrounding the region. For instance, for the isocortex, the fibers 

target the pia but the only region in the annotation including it is the outside of the brain. This region surrounds the front 

of the isocortex which will drive fibers from low layers towards the outside instead of the top part of layer 1 (see Figure 

2-7A left arrow). 

Overall, this algorithm performs well if the source and target regions are well defined and are separated by the region of interest. 

Unfortunately, in any other configuration, it suffers from edge effects (see black arrows in Figure 2-7). 

 

Figure 2-7 Cortical orientation field using Erö's method. 

Orientation field of the cells in Isocortex. To each voxel of the isocortex AVBBP is assigned a 3D vector pointing away from the corpus callosum and 

towards the outside of the brain using Erö’s method [2]. The red, green, and blue proportions of the voxel colors correspond to the orientation 

vectors’ norm on respectively the coronal, axial and sagittal plane, black lines are their projected axes. The black arrows point to issues detected in 

the model. 

(A). Sagittal view of the orientation field of the isocortex. The black arrow on the left shows orientation vectors in layer 1 pointing toward the interior 

of the isocortex. The arrow on the right shows orientation vectors following the same direction as the layer boundaries instead of crossing them. The 

blue line shows the position of the coronal slice shown in (B). 

(B) Coronal view of the isocortex orientation field. The black arrow on the top shows orientation vectors in layer 1 pointing toward the top of the 

cortex instead of the hemisphere border. The arrow on the bottom right shows orientation vectors following the same direction as the layer bound-

aries instead of crossing them. 
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2.2.4.2 Improvement of the gradient-based algorithm 

To obtain this orientation field, we created a semi-automated method to generate coordinate systems using only a user-defined list 

of brain regions as reference. The goal is to compute a vector field pointing towards a general direction, based on a source region 

and a target region. Within the region of interest, direction vectors are obtained as the normalized gradient of a scalar field. This 

scalar field is obtained by assigning to every voxel of the brain a user-defined weight representing its distance from the source region 

(Figure 2-8 AB). For each subregion of interest, a single weight is assigned to every voxel of that subregion and a default value is given 

to the rest of the brain. For the isocortex, the following weights are assigned to the voxel of the scalar field: 

• -2 for the lateral forebrain bundle system (corpus callosum) 

• 1 for the layer 6  

• 2 for the layer 5 

• 3 for the layer 4 

• 4 for the layer 3 

• 5 for the layer 2 (and 2 / 3)  

• 6 for the layer 1 

• 0 for the other brain regions 

To avoid boundary effects from the outside at the borders of a region, we extended the scalar field of the region of interest to its 

surrounding voxels (see Figure 2-8B). These surrounding voxels are detected by a shading algorithm which looks for voxels close to 

annotation borders (i.e., where a change of annotation is occurring). We applied this shading algorithm to each layer of the isocortex, 

setting their surrounding voxels to the same weight in the scalar field. 

An additional scalar shading is computed based on the distance to a subregion of interest identified as a target for fibers. This shading 

is created to attract the gradient of the voxels in the target region towards the outside. For the isocortex, voxels close to the layer 1 

and outside of the brain are assigned to 6 plus their distance to layer 1. 

A Gaussian filter is then used to the initialized scalar field and the gradient of the normalized blurred scalar field is eventually returned. 

The direction vectors are given by this gradient (see Figure 2-8C). This process is applied to all cortical areas at once by defining the 

white matter as the source region, and the outside of the brain as the target. For the isocortex, we also applied the algorithm on each 

hemisphere separated from the other as regions close to the middle of the brain are facing each other, which caused the orientation 

fields to avoid them (see Figure 2-7B left arrow). 

I applied the same algorithm to the cerebellar cortex, defining the source region as the cerebellar fiber tracts and the target region 

as the molecular layer. Each subregion of the cerebellum was dealt separately as several of them are facing each other and can 

disrupt each other after extending their scalar field. First, we labelled the voxels of the Purkinje layer in each subregion of the cere-

bellar cortex using our shading algorithm. These voxels correspond to a one voxel-thin layer, at the border between the molecular 

layer and the granular layer. We changed the voxels of the granular layer; as a manual inspection of the original Nissl experiment 

images places these neurons within this layer.  

The following weights were then assigned to the voxel of the scalar field in these regions: 

• -5 for the cerebellar related fiber tracts 

• -1 for the granular layer 

• 0 for the Purkinje layer 

• 1 for the molecular layer 

• 3 for the outside of the brain 

• 0 for the other brain regions 

For each subregion of the cerebellar cortex, we also extended the scalar field to their surrounding voxels and applied an additional 

shading based on the distance from the molecular layer. 

The orientation field algorithm can also be used in the subregions of the Cornu Ammonis (CA), where the source and target regions 

are defined respectively as the Stratum Radiatum and Stratum Oriens.  
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Figure 2-8 Orientations field and depth computation of the barrel cortex. 

(A) Coronal slice of the AV showing the barrel cortex and its different sublayers. 

(B) Coronal slice of the scalar field of the barrel cortex. A weight is assigned to every voxel of the AV. These weights follow the order of crossing the 

cortex by its fibers from the corpus callosum to layer 1. The borders of the barrel field are highlighted in orange. The weight assigned to the surround-

ing voxels of the region corresponds to their closest layer’s. The weight of the voxels outside the region beyond layer 1 increases as moving away 

from the barrel cortex. 

(C) Coronal slice of the orientation field of the barrel cortex. To each voxel of the AV, a 3D direction normalized vector is computed corresponding to 

the main axis of the axons in the region. Colors represent the orientation vectors norm on their respective plane, black lines their projected axis. 

(D) Coronal slice of the depth according to pia in the barrel cortex expressed in micrometers. 

 

2.2.4.3 An algorithm to compute the distances towards regions of the brain 

In Isocortex, the neurons’ morphologies are straightly oriented towards the pia. To build a circuit of the Isocortex, a modelist needs 

to know the distance between each voxel of isocortex and the pia, to fit the correct morphologies. In the cerebellar cortex, however, 

the neurons’ morphology bend according to the curvature of the cerebellum.  

To compute the distance for both of these regions, we created an algorithm that reuse the orientation field computed previously. 

Starting from the position at the center of the voxel, the algorithm adds the unit vector corresponding to the orientation field vector 

and checks the region id at the new position. This process is repeated until the region at the new position corresponds to the target 

region. At each step, the unit vector used to move towards the target can be updated according to the orientation field vector at the 
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new position, if the distance measured has to follow the curvature of the region (case of the cerebellar cortex). Otherwise, the algo-

rithm follows the orientation of the voxel of origin (case of the isocortex). 

Within the region of interest, we can additionally record the distance towards each subregion crossed, while moving towards the 

target (or away from it if we subtract the unit orientation vector). In the Isocortex, we can therefore compute the distance of a voxel 

from each layer using the same algorithm. This information is useful to know the position of the voxel within a layer. In the cerebellar 

cortex molecular layer, this can be used to place basket and stellate cells. 

2.3 Results 

2.3.1 Effect of Nissl refinement on neuron density estimation. 

We applied three different methods to correct for artifacts in the CCFv2 Nissl dataset:  

• Smoothing of the Nissl intensity using a Gaussian filter 

• Propagation of the distribution of Nissl expression from a reference coronal slice.  

• Combination of the two precedent methods (blur + histogram matching). 

To evaluate our results, we studied the impact of each method on the estimated neuron density using Erö et al. pipeline [8]. The 

results can be compared to regional literature findings [41], [42]. We focus first on layer 1 which is particularly sensitive to artifacts 

in the original Nissl dataset. Indeed, this region has a low cell density, which means that the Nissl intensity in this region should remain 

very low. However, artifacts tend to increase the Nissl expression (see Figure 2-2 and Figure 2-5 for example). Hence, any correction 

applied to this region will have a significant impact on our final estimates of cell densities. Figure 2-9AB shows the results of our 

analysis on isocortex layer 1. We first compared our neuron density estimates in layer 1 in different regions of the isocortex with 

their equivalent in literature. For most of the regions of the cortex, our corrections were not able to close the gap between our 

neuron estimates and values from literature (see Figure 2-9A). 

The effect of the corrections seems to be different, depending on the position of the region along the rostral-caudal axis. At the front 

of the cortex, the histogram matching methods tend to raise the neuron densities and lower them in the caudal regions of the iso-

cortex. Figure 2-9BC illustrates this observation. As expected, corrections from histogram matching smoothens the neuron density in 

the entire isocortex. The histogram matching methods were also able to correct isolated slices with high Nissl intensity due to expo-

sure or artifacts. Smoothing with a Gaussian filter tends to lower the neuron density in layer 1 indicating that local artifacts were 

indeed raising the neuron densities in this region.  
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Figure 2-9: Impact of artifacts corrections on the CCFv2 Nissl volume on cortical neuron densities. 

Analysis of the cortical neuron density estimates from the Erö et al. pipeline [1] after applying the corrections on the CCFv2 Nissl volume. Each CCFv2 

Nissl version appears in distinct colors: yellow for the original, green for the dataset after blurring, light blue for the dataset after histogram matching, 

and purple for the dataset after applying first the blurring and then the histogram matching.  

(A) Comparison of the estimated neuron densities, based on each version of the CCFv2 Nissl volume, to literature (bars in red with black outline). 

(B) L1 and (C) L2 to L6 neuron density according to the coronal slice id, based on each version of the CCFv2 Nissl volume. Underexposed slice ids were 

located between slice ids 119 to 240. Overexposed slices were detected at slice 265 and after slice id 395 and are indicated by red lines.  

2.3.2 Annotation volumes realignment 

We realigned the derived annotation volumes AV2’ to AV3’ using the algorithm described in Section 2.2.2, that leverages the ANTs 

registration tool [35]. The algorithm follows the AIBS region hierarchy from the root to the most precise regions. We consider each 

level of the hierarchy completed by the algorithm as a step of the realignment and we evaluate the results of each of these steps to 

see the progress of realignment. Figure 2-10A shows a sagittal view of the AV2’ after the second step of the realignment, i.e., after 

realigning the brain regions of the two first levels of hierarchy. This step corresponds to realigning the external border of the brain 

and the border between its main subregions. The sagittal view shows that the border of the brain is smoother and the olfactory bulb 

shape of the realigned AV2’ resembles more closely the shape of its counterpart in the AV3’. However, after several steps of realign-

ment (see Figure 2-10B), the smallest and finest regions of the AV2’ are shrunk by the realignment (e.g., L1 and L6b in the isocortex). 

The displacement field applied to realign a brain region r1 is limited to the area of its parent region rparent. If we assume that the 
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realignment of rparent yielded satisfactory results, and if the shape of r1 in AV2’ is strongly affected by the realignment, this might 

indicate that r1 borders within rparent (or any other child region of rparent) are very different when compared to their counterparts in 

AV3’. This will induce strong deformations of the voxels within rparent. The score metric that we introduced to measure the conver-

gence of the realignment for each brain region (see Equation 2-1) is a good indicator to detect these issues. Indeed, most of the 

regions, before being realigned start with a score value above 0.5, indicating that at least half of their border voxels are common. 

However, in the case of the “midbrain, behavioral state related” region, this region starts with a negative score before being realigned 

by ANTs. The region’s borders in AV2’ differs drastically from their counterparts in AV3’ and the ANTs registration cannot improve 

the score without strongly deforming the midbrain. 

 

Figure 2-10: Sagittal views of the merged CCFv2 annotation atlas at different steps of the realignment algorithm. 

To each brain subregion of the annotation volume is assigned a random color. 

(A) AV2’ after the first two levels of the region hierarchy has been realigned.  

(B) AV2’ after all region hierarchy levels have been realigned. 

 

To measure the quality of our realignment, we calculated the mean Intersection over Union metric calculated for each pair of coronal 

slices from the two AVs (IoU, see also Equation 2-2), The results are shown in Table 2-1. As we observed qualitatively in Figure 2-10, 

the mean IoU of the AV2’ over the AV3’ improves for the first 2 steps of the realignment before remaining stable or even dropping 

for the remaining steps. These results indicate that our algorithm can improve the alignment of the AV2 to match the AV3 but require 

that the merged AVs brain region shapes to be sufficiently similar before applying ANTs realignment tool. 

Steps Origin 1 2 3 4 5 6 7 8 9 

Mean IoU (%) 50.14 51.71 53.39 53.05 53.09 54.04 54.85 54.43 54.81 54.76 

Table 2-1: Mean intersection over union of the AV2’ annotation atlas at different steps of the realignment algorithm. 

2.3.3 Orientation and Depth 

We applied our refined algorithm to compute cell orientation and depth in all voxels in the isocortex and cerebellar cortex in the 

AVBBP. The results of the orientation algorithm can be seen in Figure 2-11. Most of the edge effects detected in Figure 2-7, were 

indeed corrected with this version of the algorithm. In isocortex, the new orientation vectors point towards the closest voxels of the 

next layer or the pia for L1 instead of directly outside of the brain (see Figure 2-8AB). This improves the frontal part of the region, 

where the vector fields in some L1 voxels used to point towards the interior of the isocortex (comparing Figure 2-7A with Figure 

2-11A). This also creates a visible border between the most frontal part of the cortex, facing the ventral part of the brain, and the 

middle of the isocortex, which points towards the dorsal part of the brain (see Figure 2-11A). Computing the orientation field for 

each hemisphere separately helped also with the regions closed to the middle of the brain (comparing Figure 2-7B with Figure 2-11B). 

We also observe that the orientation field within the regions of interest is less smooth which is expected since we are now using the 

inner region annotations to drive our orientations. 

The algorithm is also accurate in the cerebellum despite the very different and sometimes complex shape of its lobules (see Figure 

2-11AC). Since we applied the algorithm on each subregion isolated from the rest of the cerebellum, the orientation fields of lobules 

facing each other do not impact each other (see Figure 2-11C).  
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We also computed the depth of each voxel of the two regions which will be used later in this thesis to place the basket and stellate 

cells in the cerebellar cortex and analyze cell densities distributions in the isocortex. 

 

Figure 2-11: Orientation field of the isocortex and cerebellar cortex. 

(A) Sagittal view of the isocortex and cerebellar cortex orientation fields, based on our new method. To each voxel of the isocortex and cerebellar 

cortex in the AVBBP is assigned a 3D vector. The red, green and blue proportions of the voxel colors correspond to the norm of the orientation vectors 

on respectively the coronal, axial and sagittal plane, black lines are their projected axes. The blue and orange lines in (A) show the position of the 

coronal slice shown respectively in (B) and (C). 

(B) Coronal view of the orientation field of the isocortex. 

(C) Coronal view of the orientation field of the cerebellar cortex. 
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2.4 Discussion 

2.4.1 Nissl2 dataset corrections improve cell density estimations 

We have proposed two methods to correct artifacts in a Nissl volume, histogram matching and Gaussian filtering. We applied these 

corrections on the Isocortex for which we could assume that the Nissl intensity of a layer was similar across all coronal slices. With 

this assumption, we applied a local Gaussian filter to each layer. We also matched the Nissl intensity distribution to that of a reference 

slice, using a histogram matching algorithm. This technique should equalize different exposures of the Nissl slices observed in Figure 

2-2AD. We tested the effects of these methods and their combination on the cell density estimation pipeline of Erö et al. [8]. We 

observed that our corrections indeed alleviate most artifacts and yield more accurate neuron density estimates (see Figure 2-9).  

However, we could only use these methods to the Isocortex for which we could assume that the Nissl intensity of each layer is 

homogeneous across all coronal slices. Note, however, that in isocortex, Herculano-Houzel et al. [44] have found that visual areas 

have higher cell density than the somatosensory areas. Yet, we could not observe such a difference in cell densities in the original 

Nissl data of the AIBS [7] (see also discussion in Erö [2]). If differences in cell density between different cortical regions were con-

firmed, we can apply our method to each subregion separately: we could assume that the cell distribution within a leaf brain region 

is homogeneous and apply our methods to each region. For the histogram matching, we could select a reference slice for each region. 

Unfortunately, this might not solve the drop of expression observed between distant coronal slices. 

The AIBS has sparse Nissl mouse brain slice images that were used as reference to realign the ISH datasets from Lein et al [21] to the 

AV2. These slices as well as other Nissl datasets could be realigned to Nissl2 to provide an alternative reference on the intensity in 

certain slices.  

2.4.2 Realignment of annotation atlases 

Our goal is to provide a scaffold model of the mouse brain that can be used as a reference by other researchers as a basis for their 

models. One requirement to build neural circuits with morphologically detailed neuron models is a smooth AV that resolves all func-

tionally relevant regions. While CCFv3 has the smoothest AV from the AIBS so far, it is incomplete as several important structures are 

no longer annotated (such as the granular and molecular layers in the cerebellar cortex). Thus, for our purpose of estimating cell 

densities, we need to augment the available annotation volumes to recover these regions.  

To this end, we propose to re-align AV2 to the more recent AV3. The result of this method is a geometric transformation that can be 

applied to any dataset that is aligned to AV2. The second problem to address is that AV2 and AV3 use different region ids in their 

annotations. This could be done by producing two derived annotation volumes (AV2’ and AV3’) with matching region ids. The algo-

rithm realigns the AV region by region and following the hierarchy of brain regions of the AIBS from the main brain region to its 

leaves. 

This technique improved the alignment between the AV2’ and the AV3’ for the first levels of the brain region hierarchy, but not for 

the leaf regions that require the higher spatial accuracy. Indeed, despite our efforts to obtain comparable AVs, significant differences 

remain between the AV2’ and AV3’ and can sometimes not be corrected by realignment. For instance, the dorsal part of the olfactory 

bulb in AV3 is touching the frontal part of the isocortex, which is not the case in AV2. When realigning the whole brain volume, our 

algorithm will therefore struggle to drag the boundary of the brain to match AV3. Similarly, borders that exist in one version might 

not be present in the other. This is the case for the border between the striatum and the hippocampal formation that we see in Figure 

2-4C but not in Figure 2-4D. Some AV2 regions are also discontinuous, or very jagged along the rostral-caudal axis. This can make 

realignment exceedingly difficult for the algorithm. Some regions have also changed shape or position from AV2 to AV3. This is the 

case for the caudal regions of the isocortex (including the visual areas) which may therefore be impossible to realign without stretch-

ing the brain regions drastically. This algorithm therefore requires that the two derived AVs be close in shape and have a similar inner 

brain region distribution. To produce AV2’ and AV3’ we tried to find common region ids to replace the ones present uniquely in either 

AV2 or AV3. During this process, we could also add some constraints to make sure that the overlapping of the brain region is sufficient 

for realignment. We could also try to smoothen AV2’ borders along the sagittal plane and correct discontinuous regions to facilitate 

the work of the realignment, as was done in Young et al. [45] to improve the annotation volume of the developing mouse.  

To recover brain regions that were missing in AV3, alternative solutions can also be found. Brain regions can be split into subregions, 

knowing the proportion taken by each subregion or using the distance from certain reference points or external regions. For instance, 

starting from the shape of the AV3 hippocampal CA, we can slice the region following its curvature and knowing the proportion of 

each layer within. Our depth estimation algorithm could help to process the distance towards the exterior hull of a region. However, 
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this data might be difficult to find in literature and the result may not correspond to the Nissl volume that we use to estimate cell 

densities. This means that we would require an extra step to realign the Nissl volume in these regions to the derived AV3. 

To integrate experimental data into a common reference space, it is important to develop one unique annotation atlas for the mouse 

brain. However, on top of the different versions of the AIBS AV, an alternative annotation volume of the mouse brain has been 

recently produced by Paxinos and Franklin [46]. A solution to merge the AV3 and the Paxinos and Franklin atlases has been proposed 

by Chon et al. [47] based on the average template brain and cell type marker staining. A future work should investigate if the merged 

atlas improved on the AV3 and how it can be used in our whole brain model pipeline. 

2.4.3 Orientation and depth measurements 

We described a method to improve Erö’s algorithm to compute orientation fields for brain regions. Our version now also takes the 

various sub-structures of a region into account. It also corrected most of the edge effects that were present in the previous version 

(i.e., Isolated orientation vectors pointing in wrong directions). This used to happen when the target region surrounds the region of 

interest as in the frontal part of the isocortex. Similarly, holes and misalignment of the coronal slices of the annotation volumes 

sometimes create a jaggy surface for the boundaries of the inner layers and the border with the outside. Our algorithm extends the 

region annotations in each direction which compensates for all these effects. We also used a shading algorithm to define the target 

for the orientation field instead of using the brain region annotations. This way the target is defined according to the last layer inside. 

This solution was necessary in the cerebellar cortex where the target of the orientation vectors sometimes does not correspond to a 

brain region (e.g., lobules facing each other, see also Figure 2-11AC).  

We computed the orientations field separately for each subregion of the cerebellar cortex. This step was necessary in the cerebellar 

cortex as the scalar fields, constructed for each subregion, are overlapping. Conversely, in the isocortex, we computed the orientation 

for the entire isocortex as a whole. We tested the computation of the orientations in the isocortex, treating each subregion individ-

ually. This resulted in an even less smooth orientation field (see Sup. Figure 2). The voxels at the border of each subregion are clearly 

visible in the final field because the target of the orientation field for each subregion is different. This solution might however be 

preferred over our current solution as it gives a more precise orientation field for each subregion isolated, which might be required 

for depth computation or morphology placement. 

On the other hand, the smoothness of the vector field might be preferred over precision. In this case, Erö’s algorithm performs better 

(see Figure 2-7A and Figure 2-11A). This is due to the underlying annotations which are also very jaggy along the sagittal axis (see 

Figure 2-1). On top of realigning and smoothening the annotations, we can also smooth the orientation field. For each voxel of the 

brain, we can indeed override its orientation vector based on the mean direction of the orientation vectors of its neighboring voxels.  

We also implemented a new method to compute distances from each voxel according to certain points in the brain. From each voxel 

of the region, the method follows the orientation field previously computed until it reaches a new voxel and increments the distance 

traveled. This process is repeated until the program reaches its target. At each voxel crossed, the program can update the direction 

vector followed to match the curvature of the brain region or remain straight by following the direction vector of the voxel of origin. 

This algorithm gives a good approximation of the distance of each voxel according to its target. However, despite the corrections 

applied by our algorithm to drive the orientations according to the inner layers, some vectors in deeper layers and at the border of 

the brain region point towards the outside of the brain region. Their distance to the outside of the region is therefore poorly esti-

mated (see left border of the region in Figure 2-8D). We could here again extend the annotations with the shading algorithm to help 

with the border effect or we could refine the exit condition of our algorithm for the deeper layers.  
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 Whole mouse brain cell atlas  
This chapter is based on a manuscript that was submitted to PLoS Computational Biology. It describes my work on building a cell atlas 

of the mouse brain based on heterogeneous datasets. Supplementary analyses have been integrated to provide more details on this 

project. 

The mouse brain contains a rich diversity of inhibitory neuron types that have been characterized by their patterns of gene expres-

sion. However, it is still unclear how these cell types are distributed across the mouse brain. We developed a computational method 

to estimate the densities of different inhibitory neuron types across the mouse brain. Our method allows the unbiased integration of 

diverse and disparate datasets into one framework to predict inhibitory neuron densities for uncharted brain regions.  

3.1 Introduction 

Erö and colleagues [8] produced the first version of the Blue Brain mouse cell atlas (BBCAv1) which provides a density estimate for 

various cell (astrocytes, oligodendrocytes, and microglia) and neuron types (glutamatergic and GABAergic neurons) in each brain 

region defined by the Allen Mouse Brain Atlas [7]. This cell atlas consumes multiple datasets from the Allen Institute for Brain Science 

(AIBS), including the Allen Reference Nissl volume from Lein et al. [21] and marker expression from in situ hybridization (ISH) experi-

ments to determine the positions of all cells within the annotation volume. Cell densities estimates are finally placed within the AIBS 

annotation volume. The authors used global constraints from the literature [17], such as the total number of cells and neurons in the 

mouse brain from Herculano-Houzel et al. [22] to avoid any bias toward a particular region.  

Erö et al. argued that literature values are often inconsistent and are therefore unreliable [8], [17]. Hence, the authors used solely 

whole-brain values from literature to constrain their estimates of cell densities in every brain region. However, there are also several 

regions for which a consensus on cell composition has been reached (e.g., for the cerebellar Purkinje layer, see review from Keller et 

al. [17]). For instance, in all regions of the isocortex, it is well-known that layer 1 regions should only be composed of inhibitory 

neurons [13]. To take this aspect into account, the BBCAv1 had to manually integrate those regional constraints a posteriori (e.g., 

force each neuron in isocortex layer 1 to be inhibitory) which in turn contradicted the initial global value used in the pipeline. More-

over, the BBCAv1 strategy yields regional estimates that sometimes do not match region-specific estimates from the literature (e.g., 

cell estimates for cortical subregions compared to Herculano-Houzel et al. [44]). Finally, to obtain the composition with respect to an 

even more fine-grained classification, using the strategy of BBCAv1, we require brain-wide estimates for every new cell type. These 

constraints may not yet exist.  

The BBCAv1 was further extended by Erö [2] to refine the neuron densities generated with the pipeline with specific brain region 

neuron type distributions from literature [4], [5], [14], [19], [48]. These types are abstract and can correspond to morphological or 

transcriptomic types. Then a distribution of electrical types is further assigned to each neuron type. These electrical types define the 

neuron’s electrical behavior which can be further modeled by a point neuron model with a specific set of parameters. These regional 

neuron/electrical type distributions override the previously assigned excitatory and inhibitory labels from the BBCAv1. The whole 

brain distribution from the Cell atlas was indeed considered less accurate as it is based on whole brain datasets and global estimates. 

For example, the cellular composition of the somatosensory cortex, lower limb from Markram et al. [4] was applied to the entire 

isocortex. Moreover, the same cell type and electrical type proportions were used across all cortical brain regions. This creates a 

uniform distribution of cell types in the cortex, which is thus only constrained by the neuron distribution of the cell atlas. 

In this chapter, we will therefore devise a method to improve on the BBCAv1, extending it to include more inhibitory types. In partic-

ular, we want this updated version of the cell atlas model to be capable of integrating various sources of literature on cellular density 

into a consistent cell atlas. We also need to define a method to link the neuron and electrical types from literature to the general 

types of the BBCAv1 rather than overriding them to ensure consistency between the different versions of the cell atlas. 

We extended the workflow from Erö et al. [8], using estimates of cell densities for individual brain regions from the literature instead 

of whole-brain (global) estimates for specific cell types. Specifically, using additional ISH experiment datasets from the AIBS, we were 

able to further refine the GABAergic neuron densities from Erö et al. [8] and estimate the densities of GABAergic subclasses. This 
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includes parvalbumin (PV+), somatostatin (SST+), vasoactive intestinal peptide (VIP+) immunoreactive neurons and the remaining 

inhibitory neurons.  

PV+ neurons are fast spiking, resulting in fast and efficient suppression of their surrounding neurons’ activity [49], [50]. A deficit of 

PV+ neurons seem to be linked to neural diseases such as schizophrenia [51], Alzheimer’s [52] and autism [53], [54]. SST+ neurons 

participate in producing long range inhibition [50]. This population of neurons decreases with age and seems to contribute to the 

development of Alzheimer’s disease [55]–[57]. VIP+ neurons, on the other hand, tend to target other inhibitory neurons in the iso-

cortex, playing the role of local disinhibitors [58]. SST+ and VIP+ neurons are also involved in the circadian clock which regulates daily 

brain activity [59].  

We also highlighted the fact that the alignment of multiple datasets to a common coordinate system is essential to obtain the best 

results in terms of cell density estimations. We therefore used a tool with deep learning techniques to automatically realign ISH 

datasets to our reference system. This tool replaces the manual realignment step in Erö et al.’s pipeline. We combined all these new 

tools and methods to refine Erö’s workflow [8] and produce a second version of the Blue Brain Mouse Cell Atlas pipeline (BBCAv2).  

Our whole brain model pipeline needs to further extend the cell atlas molecular identities with morphological and electrical types 

(me-types). This problem is not trivial as molecular identity often does not directly translate to morphological and electrical features 

[60]. However, many studies provide information about circuit composition through this me- classification [4], [61], [62]. Previous 

approach from Erö [2] was overriding the BBCAv1 whole brain densities with regional distribution from literature which were consid-

ered more precise.  

We present in this chapter another approach to map the neuron molecular identities to morphological and electrical types. We used 

Roussel et al. technique [63] to map well identified cortical me-types from Markram et al. [4] to our GABAergic neuron subclasses for 

all regions of the isocortex. This method has the advantage to maintain the whole brain density distribution obtained at the end of 

the BBCAv2 pipeline  

These refinements to the model will help neuroscientists to get a better understanding at cellular composition in the brain and will 

pave the way for more accurate in silico reconstructions of brain tissues.  

3.2 Methods 

3.2.1 Overview of the pipeline 

3.2.1.1 Original Pipeline 

In this chapter, we refined several steps of the BBCAv1 to facilitate the integration of more and more specific cell types without 

having to rely on the total number or ratio of these cell types. We started with the original Blue Brain Mouse Cell Atlas workflow 

(BBCAv1) from Erö et al. which consisted of six steps [8]: 

1. The Nissl-stained brain slices from Dong [7] and the corresponding mouse brain Annotation Volume (AV) were manually 

realigned along the sagittal axis. Every ISH dataset [21] used in the following steps was also manually realigned to the Nissl 

volume. 

2. The annotated Nissl volume from the AIBS was combined with a total number of cells in the mouse brain from Herculano-

Houzel et al. [22] to estimate the number of cells in each brain region. 

3. A combination of genetic marker datasets and a global ratio of glial cells in the brain from Herculano-Houzel et al. [22] was 

used to distinguish neurons from glial cells.  

4. Glial cells were labeled as astrocytes, oligodendrocytes or microglia based on whole brain ratios together with their respec-

tive ISH datasets.  

5. GAD67 (glutamic acid decarboxylase) marker experiment from Lein et al. [21], associated with a global number of inhibitory 

neurons from Kim et al. [16], was used to distinguish the excitatory from the inhibitory neurons. This number stands for 

the sum of PV+, SST+ and VIP+ reacting cells in the brain and was assumed in this pipeline to represent the entire inhibitory 

population. 

6. Manual correction of purely inhibitory regions: molecular layer regions of the cerebellum, layer 1 of the isocortex, the 

reticular nucleus of the thalamus, and the striatum were considered to be fully inhibitory, which means that all their neu-

rons were labeled as GABAergic. 
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3.2.1.2 Adjustments for improved pipeline 

Step 1 of the BBCAv1 involved manual selection of landmark points on each slice of the AV, and ISH data to realign to the Nissl volume. 

This step was not only labor intensive but also error prone. In our updated workflow, we replaced the manual realignment by a novel 

deep-learning based alignment algorithm by Krepl et al. [36]. 

In step 5, the total number of inhibitory neurons in the mouse brain was a global constraint. Its biological value was taken from Kim 

et al. [16] and represented the sum of SST+, PV+, and VIP+ neurons. However, these three types do not represent all inhibitory 

neurons (e.g., LAMP5 cells in the isocortex [60]). This means that the total number of inhibitory cells in BBCAv1 was underestimated, 

despite the corrections applied in step 6.  

We therefore reworked steps 5 and 6 by integrating more literature estimates of neuron type densities as well as by using additional 

ISH datasets. This not only improved our estimates of the excitatory to inhibitory ratios in the brain, but also provided more precise 

estimates of GABAergic neuron types, including PV+, SST+, and VIP+ cells. However, as we will discuss later, the spatial resolution 

(200 µm between each coronal slice) and the whole-brain coverage of these datasets are not sufficient to estimate the density of all 

inhibitory subtypes in each voxel of the mouse brain, as it was done in BBCAv1. Therefore, we computed the mean density of each 

inhibitory type for each region of the AV, instead of estimating the density per voxel. 

Since several AV and Nissl volumes were recently released [39], we need to choose the best combination to estimate cell densities 

(see Section 2.2.3). Our earlier observations indicated that misalignments lead to overestimation of densities for low density regions 

and to underestimation in high density regions, reducing the differences between regions and thus, making their values more homo-

geneous. We quantify this by calculating the standard deviation of the neuron count distribution for each CCF. We find that the 

standard deviation is the largest for the version of CCFbbp (Erö et al. 2.82×10⁶, CCFv2 2.26×10⁶, CCFv3 2.57×10⁵) and therefore least 

affected by misalignment. We therefore adopt CCFbbp throughout the rest of this thesis. 

3.2.1.3 New pipeline 

Figure 3-1 shows the new pipeline for the Blue Brain Mouse Cell Atlas version 2 (BBCAv2). It consumes data from the AIBS in the form 

of image stacks of stained coronal brain slices, as well as a combination of annotation and Nissl reference atlases.  

The BBCAv2 has four main steps: 

1. In the first step, the different image stacks from ISH experiments from the AIBS are automatically aligned and registered to 

a reference volume. We describe this step in Section 3.2.2.  

2. The second step generates cell, neuron, and glial densities for each region of the AV. It corresponds to steps 2 and 3 of the 

BBCAv1 pipeline.  

3. We devise assumptions to estimate densities of different inhibitory neuron types in a coherent framework (see Section 

3.2.3) and apply them for step 3 and 4. In step 3, we assume a correlation between genetic marker expression and cell type 

density gathered from literature (see Section 3.2.4) and the previously realigned and filtered ISH datasets. The details of 

this step are described in Section 3.2.5.  

4. Step 4 integrates the results of step 3 into a consistent estimate of the cell densities for each inhibitory subtype, according 

to our assumptions (see Section 3.2.6). Finally, the cells are placed in the brain volume to produce the updated BBCAv2 

model (see Section 3.2.7 and 3.2.8). 
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Figure 3-1 New workflow for the Blue Brain Mouse Cell Atlas (BBCAv2). 

Steps of the pipeline are displayed in rows with the data consumed in the left column, the method used in the middle column, and the produced 

results on the right. Each step of this pipeline builds on the results of the previous steps. 

 

3.2.2 Alignment of in situ hybridization coronal brain slices 

For step 3 of the BBCAv2, we consume ISH datasets from the AIBS [21] which are sectioned in the coronal plane (one 25 μm thick 

section every 200 μm, see Figure 3-2D). However, the individual images are not aligned to the same Nissl volume that we use to 

estimate neuron densities. In the BBCAv1, ISH images slices were manually realigned to the Nissl volume with a non-rigid landmark-

based algorithm [8]. This task was very tedious and time consuming because it required an expert to manually choose common 

landmarks between adjacent sections. For our new pipeline, we therefore replace this step with a fully automatic machine learning 

based method. 
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Figure 3-2 AIBS GAD67 ISH experiment data. 

(A) raw image, (B) filtered image and (C) realigned binarized image. This ISH experiment highlights inhibitory cells of the mouse brain. The raw slice 

image (A) contains artifacts and a minimum expression value offsets the dataset. The filtered image (B) is derived from the raw image (A) by the AIBS. 

Somas reacting to GAD67 are detected in the raw image and isolated from the background. The distinct colors of the cells in (B) represent the distinct 

levels of expression [64]. The filtered images are realigned and thresholded to obtain the binarized image shown in (C).  

(D) Positions of the coronal stained slices, shown in blue on a sagittal slice of the CCFbbp brain volume 

 

The different steps of the automatic realignment of every ISH dataset from the AIBS to the reference atlas are as follows: 

• Original ISH images (or raw images - see Figure 3-2A) and their thresholded versions, later called filtered images (see Figure 

3-2B), are downloaded from the AIBS website. The filtered images isolate the somas reacting to their specific marker from 

the brain background in the raw image. 

• Each image is scaled, positioned, and rotated according to the reference brain volume, using the provided metadata. The 

metadata includes the position of the corners of the images because the slices are not perfectly vertical. Here we assumed 

the slices to be vertical as the algorithm was trained with this assumption and it makes the interpolation between slices 

easier. Hence, we used the mean position of the coronal ISH images in the AIBS average brain along the rostral-caudal axis 

also from the metadata. The AV2 and Nissl2 volumes have been realigned to the average brain, so the Nissl coronal slices 

should correspond to the ISH’s. For the CCFbbp, used here, for each ISH coronal slice to realign, we manually selected the 

best corresponding reference Nissl slice. 

• For each dataset, every coronal section is automatically realigned to the corresponding anatomical section of the Nissl-

stained mouse brain using the Krepl algorithm [36]. Here, the raw in situ images are used as they provide more landmarks 

for the algorithm. 

• Resulting displacement fields are then applied to the filtered images of the corresponding ISH experiment.  

• A 3D volume for each gene is created by down sampling the images to match the final voxel dimensions of the reference 

atlas. Missing sections between the 2D coronal slices are generated with a linear intensity-based interpolation. 
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We download and realign the following datasets from the AIBS ISH portal [65]: 

• Parvalbumin: Experiment id #868 

• Somatostatin: #1001 

• Vasoactive Intestinal Peptide: #77371835 

• GAD1: #479 (equivalent of GAD67 see Figure 3-2) and #79556706 (used in Section 3.3.5) 

The resulting 3D voxel-based datasets are consumed by our pipeline to estimate inhibitory neuron subtype densities (see Section 

3.2.5). 

3.2.3 Assumptions underlying the estimation of inhibitory subtypes densities 

We wish to obtain the number of inhibitory neurons and their subtypes for each region of the AV1. The regions are indexed by region 

ids 𝐑 =  {0, r1, r2, r3, . . . , r𝑛}  ∈ ℕ861, with 0 denoting the outside of the mouse brain. We are particularly interested in inhibitory 

subtypes expressing the markers GAD67, PV, SST and VIP.  

First, the number of neurons can be expressed as the sum of the different subtypes in each region r, ∀ r ϵ R: 

 𝑛𝑁𝑒𝑢𝑟 = 𝑛𝐼𝑛ℎ𝑟 +  𝑛𝐸𝑥𝑐𝑟 + 𝑛𝑂𝑡ℎ𝑒𝑟𝑟 Equation 3-1 

where nNeu, nInh, and nExc are respectively the total, the inhibitory, and the excitatory neuron numbers. As reported by Zeisel et al. 

[66], these populations seem to be mutually exclusive. The term nOther represents the number of neurons that are neither excitatory 

nor inhibitory, meaning they could be purely modulatory neurons.  

The number nInh can be estimated by the number of neurons, reacting to the markers GAD67 and GAD65 [66] which implies that 

nInh = nGAD. We further subdivide nGAD into inhibitory subtypes positively reacting to the markers PV, SST and VIP. This yields the 

following sum, ∀ r ϵ R: 

 𝑛𝐺𝐴𝐷𝑟 = 𝑛𝑃𝑉𝑟 + 𝑛𝑆𝑆𝑇𝑟 + 𝑛𝑉𝐼𝑃𝑟 + 𝑛𝑅𝑒𝑠𝑡𝑟 Equation 3-2 

Here nPV, nSST and nVIP are respectively the number of PV+, SST+ and VIP+ immunoreactive neurons in the brain region r. The term 

nRest corresponds to the number of inhibitory neurons which react neither to PV, SST nor to VIP (InhR neurons), including, for in-

stance, the LAMP5 cells in the isocortex [60]. InhR neurons might define various populations of GABAergic cells, reacting to a wide 

variety of markers [66], which makes it more difficult to estimate nRest. It is therefore easier to estimate nGAD from literature and 

the marker GAD67 (for regions not covered by literature). Similarly, nPV, nSST and nVIP can be estimated from literature and the 

markers PV, SST and VIP, respectively. Finally, we can estimate nRest by subtraction in Equation 3-2. The remaining neuronal popu-

lations (nExc + nOther) can be deduced from nGAD (Equation 3-1), and the neuron distribution (nNeu) obtained by step 2 of our 

BBCAv2 pipeline (see Figure 3-1).  

In this estimation, we rely on the following assumptions:  

1. Every GABAergic neuron expresses GAD67 and every GAD67 reacting cell is a GABAergic neuron. This genetic marker is 

indeed responsible for over 90% of the synthesis of GABA [67], [68]. Additionally, no cells expressing GAD65 without ex-

pressing GAD67 have been reported in the RNA-sequence study from Zeisel et al. [66]. 

2. GAD67, PV, SST and VIP are only expressed in neurons [59], [66], [69], [70]. 

3. PV+, SST+ and VIP+ populations are non-overlapping i.e., there are no cells in the mouse brain that co-express a combina-

tion of these markers. This assumption is supported in the isocortex and hippocampus by transcriptomic studies such as 

Huang and Paul [60] and Zeisel et al. [66] and we extrapolate these findings to other areas. 

4. Every PV+, SST+ and VIP+ neuron also expresses GAD67 as observed by Celio [71] and Tasic et al. [72]. 

5. Neuronal composition is homogeneous within subregions at the lowest level of the AIBS region hierarchy. 

We will also consider the cell, glia and neuron density distributions obtained in step 2 of the pipeline (see Figure 3-1) to be correct. 

These numbers have been validated against literature by Erö et al. [8] and can be refined in the future. 
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Based on these assumptions, BBCAv2 will provide estimates of the densities of GAD67+, PV+, SST+, and VIP+ neurons for each region 

of the brain. In contrast with BBCAv1, this new version will present estimates that are as close as possible to available literature 

values. 

3.2.4 Literature review of estimates of the mouse inhibitory neuron densities 

For the wild-type adult mouse, the AV1a defines 861 regions. Ideally, we would need at least one literature value for the cell density 

of each marker in each of these regions. We should also have multiple estimates of the same quantity to increase the reliability of 

the estimation. The extensive review of Keller et al. [17] provided us with references for inhibitory neuron numbers in the mouse 

brain (e.g., [51], [73]–[76]). Among them, the extensive dataset of Kim et al. [16] gives a complete measurement of the distribution 

of the PV+, SST+ and VIP+ cells in the mouse brain, covering 97% of the regions of the AV1a. We also made a comprehensive literature 

search for cell densities or cell counts of GAD67, PV, SST, and VIP immunoreactive neurons in the mouse brain (wild-type species, see 

supplementary methods for more details). In total, we found 32 references providing values for GAD67, 29 for PV, 14 for SST and 9 

for VIP (see Table 3-1). These estimates are in the form of density of neurons or cell counts within either a volume or a slice. For 

counts with no volume provided, we used the corresponding volume within the AV to estimate a mean density within the respective 

region. Finally, some literature sources report percentages of labeled neurons or cells within a region volume. For these estimates, 

we used the distributions obtained in step 2 of our pipeline (see Figure 3-1). 

 Number of papers Number of regions covered 

(out of 861) 

Coefficient of variation 

 Median CV CV Skewness 

GAD67 32 151 (17.5%) 0.20 1.19 

PV 29 836 (97.1%) 0.24 2.94 

SST 14 849 (98.6%) 0.13 3.74 

VIP 9 849 (98.6%) 0.22 1.90 

Table 3-1 Summary of papers reviewed sorted by marker. 

The number of papers from which we extract density values as input for our model are listed in the first column. The table also shows how many 

regions of the brain are covered by these values. For each region where we obtain an estimate from at least 2 different papers, we can compute a 

coefficient of variation. From the list of these coefficients of variation, we then extract the median values and the skewness of the distribution, defined 

as 𝑠 = 𝐸 [(
CV− mean(CV)

std(CV)
) ³], which are displayed for each marker in the last two columns. 

Erö et al. [8] considered the neurons of some regions to be inhibitory only (step 6 of the BBCAv1 workflow). Similarly, we imposed 

this rule on layer 1 of the isocortex, the molecular layer of the cerebellar cortex and the reticular nucleus of the thalamus. This means 

that for these regions, we assume that the density of GAD67+ neurons correspond to its neuron density. Thus, in total we collected 

GAD67+ density estimates for about 17.5% of all regions of the AV (see Figure 3-3A). 
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Figure 3-3 Overview of published data on inhibitory neuron densities in the mouse brain. 

(A) Illustration of regions for which information on densities or absolute numbers of GAD67+ neurons were published. The disk is divided into rings 

and sectors. Each ring represents a hierarchical level in the AV and sectors represent the contained regions. The center of the disk represents the 

entire brain, each surrounding ring then represents the next hierarchy level. Colored areas represent regions where at least one study reports cell 

numbers or densities. The size of the sectors corresponds to the number of neurons relative to the number of neurons in the brain. The colors 

correspond to regions according to the AV such as the cerebellar cortex in yellow and cortical areas in green.  

(B) Variability of published cell density estimates. Each panel shows the distribution of reported cell densities (log scale). For each region, data points 

are depicted in blue, the average in orange. The minimum and maximum values are indicated by the whiskers. Regions shown: Dentate Gyrus (DG); 

Field CA1 (CA1); Field CA3 (CA3); Prelimbic area (PL); Primary Somatosensory area (SSp); Primary Visual area (VISp); Striatum (STR); Subiculum (SUB); 

Primary somatosensory area, barrel field (BF); Lateral Amygdalar nucleus (LA); Cerebellar cortex, Purkinje layer (CBXpu). 

For some regions such as the CA1 field of the hippocampus, we observe a large variability of the literature estimates (see Figure 

3-3B): spanning from 317 GAD67+ cells per mm3 computed from Han et al. [77] to 7166 GAD67+ cells per mm3 according to Jinno et 

al. [43]. In addition to the inter-subject variability, these large variations can arise from a combination of distinct factors, such as 

differences in the staining methods, the counting methods, or the methods to determine subregion boundaries (annotations) [15], 

[16].  

Our literature review highlights the current lack of knowledge and consensus on cell composition in the mouse brain, emphasized by 

the large variability of published data. In the following section, we will describe a method to estimate cell densities in regions for 

which no literature values were published. 
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3.2.5 Transfer functions from marker expression to cell density 

We use the realigned ISH datasets obtained in Section 3.2.2 to estimate the densities of inhibitory cell types in regions where no 

literature values were reported. 

Different cell types express genetic markers at distinct levels [66]. Nonetheless, we want to count every cell reacting to the markers. 

We do this by applying an all-or-none filter to the realigned filtered image stacks (Figure 3-2B) using Otsu's method [78] to define the 

threshold. This forces each pixel showing a cell reacting to the marker to the value 1 and all other pixels to 0 (binarized image stacks 

see Figure 3-2C). The more pixels in a region are set to 1, the more densely the region is filled with marker-positive neurons. We 

therefore expect, for a specific brain region, that its mean pixel intensity correlates with the density of marker positive cells. We use 

this relationship to construct transfer functions linking densities of GAD67+, PV+, SST+, and VIP+ cells reported in the literature to 

the mean intensity in each region of the AV (see Figure 3-4). 

We leverage every literature density value available for each subregion of the brain, assigning the same weight to each point. We 

compare separately the cerebellum, isocortex and the rest of the brain. We choose this division because in the cerebellum, cell 

densities are very high compared to the rest of the brain [22]. And inhibitory cell densities and cell type composition across layers of 

the isocortex are similar in all of its subregions [16]. The results of the comparison between region mean pixel intensity and cell type 

density are shown in Figure 3-4.  

We expect a region with no inhibitory neurons to have a null mean intensity and conversely a region with null mean intensity should 

not host any inhibitory neurons. However, we do not observe this property in many cases. This observation can be linked, on the one 

hand, to the misalignment between the annotation atlas and the ISH datasets (cells reacting appear in the wrong region) or on the 

other hand, to the insufficient coverage of the brain by the ISH data (region of interest does not appear on the ISH slices, see Figure 

3-2D). Therefore, these points are excluded from Figure 3-4. Additionally, as we discussed in Section 2.2.3, the density estimation in 

fully inhibitory regions tends to be highly impacted by misalignment. The points linked to these regions are therefore also excluded 

from the figure. 

At the first glance, there seems to be no clear relationship. However, as we have seen above there is a large variability in the cell 

densities reported by literature (see Figure 3-3). This explains the spreading of the points along the y axis in the different panels of 

Figure 3-4 (different point colors). Similarly, points along the x axis are also spread out because of the sparseness of the ISH datasets 

(see Figure 3-2D) and its misalignment to the AV (see Figure 2-5). This variability might also be linked to the different cell sizes which 

impacts the region mean intensity. These two sources of error make it difficult to estimate a transfer function that maps region mean 

intensity to cell type density. Logically, we expect that there is a monotonically increasing relationship between region mean intensity 

and cell type density — one for each marker and each main division of the brain. The simplest assumption is that these relations are 

linear and can be calculated by fitting (black diagonals in Figure 3-4). 

To evaluate the quality of the fit from region mean intensity to densities of cells, we compute the coefficient of determination R² for 

each linear function f, which fits the cloud of points (x, y) where x is the region mean intensity and y is the literature density: 

 
R2 = ∑(f(i) − �̅�)2

i∈x

(∑(f(i) − �̅�)2

i∈x

+ ∑(y(i) − f(i))
2

i∈x

)⁄  Equation 3-3 

The low values of R² especially for GAD67 indicates that the great variability of (x, y) could not be fully accounted for (roughly 25% of 

the variability accounted for GAD67, see Table 3-2). 
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Figure 3-4 Linear fitting of marker intensity to cell density in cerebellum, isocortex, and the rest of the brain. 

Scatter plots of the PV+, SST+, VIP+ and GAD+ densities reported in literature (y-axis) according to the mean expression (x-axis) grouped by the main 

regions of the brain, respectively cerebellum, isocortex, and the rest of the brain. Each point represents an AV subregion and is color-coded according 

to the distinct levels of confidence (ratio of standard deviation over mean value) from literature data. The linear fit is represented with a black diagonal 

line. Each panel shows 95% of the available points. Regions that are purely inhibitory (i.e., based solely on the neuron counts obtained at step 2 of 

the pipeline), with no inhibitory neurons and regions with null region mean intensity are not displayed and were not considered for the fitting. 
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Cerebellum Isocortex Rest 

alpha R2 alpha R2 alpha R2 

PV 4.557×105 43.1% 2.964×105 46.4% 1.182×105 47.9% 

SST 1.417×105 33.0% 2.523×105 50.6% 3.158×105 34.3% 

VIP 7.903×104 26.4% 2.311×105 37.4% 1.154×104 56.5% 

GAD 5.783×105 27.6% 3.458×105 37.0% 5.265×105 13.5% 

Table 3-2 Result of the linear fitting. 

The slope factor, alpha, of the linear fitting, and its coefficient of determination R² for each major region of the brain and for each genetic marker. 

Thus, we use the fitted relation only to predict densities of GAD67+, PV+, SST+ and VIP+ in regions where no literature data are 

available. The standard deviations of these estimates are derived from the standard deviation of the alpha value of the fit (see Table 

3-2). 

For regions covered by the literature we instead use the average of all means and standard deviations of the reported values (see 

previous section). We assume indeed that the different literature values scatter around a common average. 

Therefore, at this stage we have obtained unconstrained estimates of density (orig) and their standard deviation (σ) for PV+, SST+, 

VIP+ and GA67+ neurons for all regions, i.e. ∀ r ∈ R: 

 𝑜𝑟𝑖𝑔𝑟 = {𝑛𝑃𝑉𝑟; 𝑛𝑆𝑆𝑇𝑟; 𝑛𝑉𝐼𝑃𝑟; 𝑛𝐺𝐴𝐷𝑟} Equation 3-4 

 𝜎𝑟 = {𝑠𝑡𝑑(𝑛𝑃𝑉𝑟);  𝑠𝑡𝑑(𝑛𝑆𝑆𝑇𝑟); 𝑠𝑡𝑑(𝑛𝑉𝐼𝑃𝑟); 𝑠𝑡𝑑(𝑛𝐺𝐴𝐷𝑟)} Equation 3-5 

 

orig and σ are lists of 3444 values: one per neuron type (PV, SST, VIP, GAD67) and per region of the brain (861 in AV1a). 

3.2.6 Combination of neuron type densities 

Since our unconstrained estimates of inhibitory neuron (orig and σ) densities are derived from the transfer functions or independent 

literature sources, their combination can lead to incongruent results. For instance, the unconstrained estimates of PV+ neurons might 

be greater than the estimates of GAD67+ neurons, which contradicts our assumption 4 (see Section 3.2.3). We therefore want to 

ensure that orig and σ match our assumptions from Section 3.2.3. To this end, we deduce a list of linear constraints based on Equation 

3-1 and Equation 3-2, ∀ r ∈ R: 

 0 ≤ 𝑛𝑃𝑉𝑟 ≤ 𝑛𝑁𝑒𝑢𝑟  Equation 3-6 

And similarly, for nSSTr, nVIPr and nGADr. 

 −𝑛𝑁𝑒𝑢𝑟 ≤ 𝑛𝑃𝑉𝑟 + 𝑛𝑆𝑆𝑇𝑟 + 𝑛𝑉𝐼𝑃𝑟 − 𝑛𝐺𝐴𝐷𝑟 ≤ 0 Equation 3-7 

We also ensure that the consistency of the region hierarchy is maintained for every parent region (Rm ∈ R). The number of inhibitory 

neurons (and their subtypes) in Rm is equal to the sum of the corresponding estimates of Rm’s direct child regions in the region hier-

archy (childrenRm) plus the estimates in voxels of the AV labeled as belonging to Rm but none of its children (Rm\child): 

 𝑛𝑃𝑉𝑅𝑚\𝑐ℎ𝑖𝑙𝑑 + ∑ 𝑛𝑃𝑉𝑟

𝑟 ∈ 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛𝑅𝑚

= 𝑛𝑃𝑉𝑅𝑚 Equation 3-8 

and similarly, for nSSTRm, nVIPRm and nGADRm. 

Thus, whenever the constraints Equation 3-6, Equation 3-7, Equation 3-8 is violated, we rescale our unconstrained estimates (η). 

We minimize the number of corrections required to find a solution for the BBCAv2 model through optimization. The number of 

corrections is defined as the sum of the distances between the unconstrained (η) and corrected values counterparts (x) divided by 

the standard deviation of the unconstrained value (σ): 
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 𝑚𝑖𝑛. ∑
|𝑥𝑟 − 𝜂𝑟|

𝜎𝑟
𝑟 ∈ 𝑹

 Equation 3-9 

This nonlinear function is convex which guarantees a global minimum. We convert it to a linear problem, by introducing a slack 

variable z so that ∀ r ∈ R: 

 −𝑧𝑟 ≤ 𝑥𝑟 − 𝜂𝑟 ≤ 𝑧𝑟  Equation 3-10 

Hence, our problem becomes: 

 
𝑚𝑖𝑛. ∑

𝑧𝑟

𝜎𝑟
𝑟 ∈ 𝑹

 

st. Equation 3-6, Equation 3-7, Equation 3-8, Equation 3-10 

Equation 3-11 

 

The solution x is a vector with 3444 values and matches a total of 8613 linear constraints. An initial solution can also be found for 

each region, correcting the unconstrained estimates to match our constraints starting from leaf regions in the region hierarchy to the 

top-level brain regions (see Sup. Figure 3 and Sup. Figure 4). We use the simplex algorithm from the SciPy python library [79]. 

We find that for 16% of the regions of the brain (shown in colors in Figure 3-5AB), their η estimates are incongruent with the rest of 

the brain. Their corrected values x are therefore not falling within the range η ± σ. In some regions of the striatum (including cau-

doputamen), the number of GAD67 neurons from η overshoots the estimated total number of neurons. Our optimization makes 

these regions fully inhibitory. This is in line with literature findings on the mouse striatum, which describe it as almost fully inhibitory 

[80]. Among the rest of the regions where significant corrections are needed, almost one-third are subregions of the hindbrain, for 

which we collected very few literature values. Conversely, few inconsistent first estimates are found in subregions of the isocortex, 

for which more literature data are available. The remaining inconsistencies for η may have diverse sources: 

• They can be explained by a poor estimate of the densities from the transfer function. 

• Divergent estimates from the literature for the same region might violate Equation 3-7. These regions would appear in 

yellow on Figure 3-5AB).  

• Our assumptions may not be accurate in some regions of the brain. 

• The densities of neurons from the step 2 of the pipeline (see Figure 3-1), used in Equation 3-6 and Equation 3-7, diverge 

locally from the literature findings 

After our corrections, we obtain consistent density estimates for PV+, SST+, VIP+, and GAD67+ neurons for each region of the AV. 
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Figure 3-5 Results of the density pipeline. 

(A) Sagittal and (B) coronal view of the Nissl reference atlas used for BBCAv2, showing cells of the mouse brain. Regions with high cell density appear 

in dark gray. Regions that required significant corrections (see Section 3.2.6) for their neuron subtype density estimates are colorized (Neu = neuron). 

The coronal slice chosen is displayed as an orange line on the sagittal slices. Arrow in black shows the location of the lateral ventricle of the mouse 

brain. The blue line behind the sagittal slice highlights the drop of Nissl expression coming from the original Nissl experiment from Dong [7]. 

(C). Sagittal and (D). coronal view of the BBCAv2, showing the positions of the different types of neurons. PV+, SST+ and VIP+ cells appear respectively 

in yellow, dark orange and blue. The rest of the GABAergic population is color-coded in green and the remaining neurons in gray. 

The variation of the distribution of neurons is following the original distribution of Nissl expression. The Nissl expression drops significantly after the 

blue line which leads to a similar decrease of cell counts in the resulting BBCAv2. 

 

3.2.7 Placement of the cells within the mouse brain volume 

At step 4 of the pipeline (see Figure 3-1), we convert our density estimates into a list of cell positions for each region, using an 

acceptance-rejection algorithm. For each region, the algorithm samples voxels, according to the cell density distribution (computed 

at step 2), and assigns cells to them, until it reaches the target total number of cells in that region. The same algorithm can then be 

applied to label cells as neurons or glial cells as described in Erö et al. [8]. We further subdivide neurons into PV+, SST+, VIP+, and 

GAD67+ neurons, following our density estimates. In brief, ∀ r ∈ R, we select uniformly neurons within the voxels of region r, that we 

label as inhibitory, until the region contains the target number of nGADr inhibitory neurons. Similarly, we distribute the nPVr neurons, 

in voxels of r containing GAD67 neurons, nSSTr in voxels of r containing non-PV inhibitory neurons, and nVIPr in voxels of r containing 

the remaining inhibitory neurons. The non-inhibitory neurons are labeled as excitatory or purely modulatory neurons following Equa-

tion 3-1.  

Finally, we assign to each cell a uniformly random 3D position within the boundaries of its voxel. The result of this procedure is shown 

in Figure 3-5CD. 
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3.2.8 Assign me-types to neurons in the whole brain model 

At this stage of the pipeline, each of our neuron has a molecular identity (excitatory, inhibitory, pv+, sst+, vip+). We want now to 

refine these types and integrate literature knowledge on the morphological and electrical properties of these neurons. In the isocor-

tex, we used to override the results of the BBCAv1 with the distribution from Markram et al.’s circuit [4]. This was changing the ratio 

of inhibitory and excitatory neurons that we found and uniformizing it to every region of the isocortex. Instead, we want to leverage 

the results of the BBCAv2 to predict the distribution of morphological (m-type) and electrical (e-type) neuron types in the Isocortex. 

To do so, we need to map our molecular types (excitatory, inhibitory, pv+, sst+, vip+) to the me-types provided by Markram et al. 

We used Roussel’s pipeline to refine our labeling of the GABAergic neurons in the isocortex [63]. This pipeline uses datasets from 

Gouwens et al. [81] (AIBS datasets) and Markram et al. [4] (BBP datasets) and creates a mapping between molecular cell identities 

and morpho-electrical cell type features. In brief, the different steps of this pipeline are: 

• Morphological and electrical (me-) features were extracted from the AIBS and BBP datasets (Figure 3-6AB). These me-

features were normalized to compensate for the variability due to animal species, cortical subregions differences, or neuron 

positions within layers. 

• Normalized me-features were integrated into a knowledge graph and features common to the two datasets were selected 

(Figure 3-6CD).  

• Common me-features were weighted and clustered to recover cell types categories using Ward hierarchical clustering [82] 

(Figure 3-6E). 

• Cell types were regrouped by optimization to maximize the precision of molecular identities predictions (Figure 3-6F).  

• The final cell clusters were used to create a probability map between the BBP me-models and a molecular identity. 

To each cortical neuron we assigned an me type label based on the mapping from Roussel.  

In the cerebellar cortex, we also refined the neuronal composition using the tools we defined previously. The Purkinje layer defined 

in Section 2.2.4 contains solely Purkinje cells that are arranged in arrays in the parasagittal plane [14]. Based on the cell density 

numbers reported by Lange [83] and Förster [84], the density within these voxels will be equal to approximately 21000 cells per mm3. 

We then assigned a m-type to each neuron of the granular and molecular layer, based on our new inhibitory excitatory neuron 

distribution. We further extended the cell types from Casali et al. [14] to include the Unipolar brushed cells and the Lugaro cells which 

are respectively excitatory and inhibitory neurons located in the granular layer [85], [86]. We computed the number of each neuron 

type based on the following recipe: 

• The densities of Unipolar Brushed Cells in each region were extracted from Sekerkova et al [85]. The rest of excitatory 

neurons within the granular layer were labeled as Granule Cells. 

• The number of Lugaro cells can be processed from the number of Purkinje cells [86]. The rest of the inhibitory neurons are 

Golgi cells.  

• We split the Molecular layer in 2 using the orientation vector fields computed at Section 2.3.3. Following this axis from the 

cerebellar fiber tracts towards the exterior of the molecular layer, one third of the molecular layer contains Basket cells, 

the rest are Stellate cells [14]. 

Except for the Lugaro cells and the Unipolar brushed cells, the paper from Casali et al. provides also a set of parameters for integrate 

and fire models, which could be implemented in our model. However, this new neuronal composition refinement does not take into 

account the PV, SST and VIP subdivision that we obtained with the new pipeline but could be integrated when a mapping between 

these molecular types and the m-types defined previously can be found in literature. Similarly, in the basal ganglia complex, we used 

the circuit of Lindahl et al. [19] to obtain a more fine-grained distribution of the neuron types in these regions. The neuronal compo-

sition within the thalamus VPM, RT and POM regions was updated based on results of [48]. In the hippocampus CAs, we used the 

recipe from [5]. The latter two recipes altered the Excitatory/Inhibitory ratios in these regions as for the cerebellar cortex. In a future 

version of the cell atlas, these literature findings should be implemented a priori to prevent the overriding of the results found earlier. 

For the rest of the brain regions, whenever no reports in literature provided a complete description of the neuron types within, we 

kept the cell type labels from the BBCAv2. 
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Figure 3-6 Overview of Roussel et al. pipeline. 

(A) Morphological feature extraction. Original morphologies (i) were realigned to be contained within cortical limits. X and Y coordinates were nor-

malized by cortical depth and corresponding layer thickness, respectively resulting in normalized morphologies (ii). Density moments of order 0, 1 

and 2 were extracted separately for axons and dendrites and for each layer individually (iii). Moments of order 0 can be related to total neurite length 

(bar chart on the right side of the panel) whereas moments of order 1 and 2 can be linked to mean and standard deviation of the density (ellipses). 

Axons in blue, dendrites in orange.  

(B) Electrophysiological recordings from step currents were used to extract a collection of electrophysiological features.  

(C) All extracted features were stored in tables and used to produce a knowledge graph (D) grouping all information that can be extracted from both 

datasets. Each cell is represented by a root node, that is linked to nodes representing the different properties of that cell (morpho-electrical features 

or other information).  

(E) We used ward hierarchical clustering results to group common me-features and (F) we established the optimal clustering distance dopt as a com-

promise between averaged cluster homogeneity with respect to molecular IDs (blue curve) and ratio of BBP cells belonging to mixed clusters (red 

curve).  
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3.3 Results 

3.3.1 An improved computational method to build an atlas of inhibitory neurons in the mouse 

brain 

In this study, we present a substantially improved workflow to produce the second version of the Blue Brain Mouse Cell Atlas work-

flow (BBCAv2). The new workflow replaces the manual alignment of ISH datasets with the image alignment algorithm developed by 

Krepl et al. [36] .The pipeline also includes a new method to estimate cell densities from a large body of literature data. In total, we 

integrated values from 56 different literature sources. 

All steps of this process are guided by a set of assumptions about the cellular composition of the mouse brain. Using our improved 

workflow, we are not only able to re-estimate the densities of inhibitory neurons in the mouse brain, but also to estimate the densities 

of their various subtypes. The result is an updated mouse cell atlas which provides density estimates and their standard deviations 

for each cell class in all regions of the CCFbbp AV. We additionally derived from our cell atlas densities a 3D position and a type label 

for each cell within the mouse brain (see Figure 3-5CD). The same methods can also be applied to other cell types to deepen our 

knowledge on cellular composition of the mouse brain. 

3.3.2 Distribution of inhibitory neuron subtypes for the whole mouse brain 

The new cell atlas has updated estimates for the densities and numbers of inhibitory neurons, based on more literature data. In 

addition, the new atlas differentiates PV+, SST+ and VIP+ neurons and provides their densities and absolute numbers for each region 

of the mouse brain. An overview of the results is shown in Figure 3-7 and Table 3-3. We estimate that the mouse brain holds approx-

imately 14.55 millions of inhibitory neurons in total (see Table 3-3). GABAergic neurons make up 20.27% of the total neuron popula-

tion, which is significantly larger than the previous estimate of 15.68%, using the BBCAv1 workflow. We find that 3.57% of neurons 

are PV positive, 3.20% are SST positive, and 0.63% are VIP positive (see Figure 3-7A). This leaves a residual GABAergic neuron popu-

lation of 12.87%, which represents almost two-thirds of all inhibitory neurons. 

 

Figure 3-7  Distribution of the GABAergic neurons in the mouse brain. 

(A) Ratios of PV+, SST+, VIP+, GAD67+, and remaining neurons of the mouse brain. InhR cells appear in green, PV+ in yellow, SST+ in orange, and VIP+ 

in blue. The remaining neurons appear in gray.  

(B), (C) Circular distribution of GAD67+ neurons in different regions of the mouse brain according to different parcellation schemes ranging from 

coarse at the center to fine-grained at the periphery (colors and disposition similar to Figure 3-3A). (B) displays results of BBCAv1 and (C) results of 

BBCAv2. 
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Compared to BBCAv1 (Figure 3-7B), the number of inhibitory neurons in BBCAv2 (Figure 3-7C) is larger in almost all regions of the 

brain (except notably, the hippocampal formation and the striatum). The estimated number of inhibitory neurons in the cerebellar 

cortex granular layer increases from 203,000 in the previous pipeline to 867,000. Similarly, in the isocortex, this number rises 

roughly by 53% (see Table 3-3). Finally, the BBCAv2 estimates 2.05 million inhibitory neurons in the olfactory areas. 

 

Brain Region 

BBCAv1 BBCAv2 

Inh. Inh. 
Inh

Neu
(%) 

PV

Inh
(%) 

SST

Inh
(%) 

VIP

Inh
(%) 

Rest

Inh
(%) 

Isocortex 1.44 2.20 24.7 23.2 25.0 12.6 39.2 

Olfactory areas 1.45 2.05 25.1 1.3 13.8 4.7 80.2 

Hippocampal form 0.51 0.49 9.9 12.6 33.9 9.0 44.5 

Cortical subplate 0.12 0.22 43.8 2.6 28.3 3.7 65.4 

Striatum 1.72 1.40 81.4 1.2 17.5 0.2 81.1 

Pallidum 0.18 0.23 91.8 6.9 28.7 0.2 64.2 

Thalamus 0.19 0.26 18.9 15.2 32.7 0.0 52.1 

Hypothalamus 0.42 0.50 41.4 3.0 29.0 0.4 67.6 

Midbrain 0.39 0.99 76.4 12.6 37.4 0.9 49.1 

Hindbrain 0.26 0.66 62.5 23.9 38.2 0.6 37.3 

Cerebellum 4.79 5.47 13.0 28.8 0.8 0.1 70.3 

Whole Brain 11.25 14.55 20.3 17.6 15.8 3.1 63.5 

Table 3-3 Estimates of inhibitory neurons in the mouse brain in millions and percentage (%) subtypes. 

Inhibitory neuron counts (in millions) extracted from the cell atlas generated using the BBCAv1 and BBCAv2 pipelines. The second column of the 

BBCAv2 corresponds to the ratio of inhibitory neurons according to the total number of neurons in this region. The following columns display the 

proportion of each inhibitory neuron subtype according to the inhibitory neuron population. 

 

3.3.3 New Excitatory/Inhibitory ratios for the isocortex 

The BBCAv2 also provides new estimates for the ratio of inhibitory/excitatory neurons (see Figure 3-8). For example, we predict that 

25% of the neurons of the mouse’s isocortex to be inhibitory (see Table 3-3 and Figure 3-8B). Thus, we estimate a higher proportion 

of inhibitory neurons than previously reported. For rodents, literature estimates are around 20% inhibitory neurons [4], [87]. 
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Figure 3-8 Cortical excitatory/inhibitory ratios. 

(A) Relative cortical layer cell densities from the primary somatosensory cortex lower limb (SSp-ll), primary auditory cortex (AUDp) and temporal 

association areas (TEa). Blue lines correspond to excitatory neuron densities (Exc) and the orange lines inhibitory neuron densities (Inh) in cells/mm³. 

Final confidence intervals are also displayed for each layer as vertical lines. 

(B) Ratios of inhibitory/excitatory neurons (Inh/Exc) across anatomical regions of the isocortex, expressed as percentage and arranged in five subnet-

works based on Kim et al. [16]. Acronyms correspond to the AV naming convention [34] (see Sup. Table 1). The portion of inhibitory neurons that 

belongs to layer 1 is shown with a black contour.  

(C) Somatosensory barrel field neuron distributions according to pia. Each layer is represented by a distinct color and the total density according to 

distance to pia appears in black.  

(D) Somatosensory barrel field excitatory/Inhibitory neuron distributions (Exc/Inh) according to pia compared to the results extracted from Figure 

2-5EFG from Meyer et al. [87]. AV mean layer limits are represented as dash lines and aligned to the ones provided by Meyer et al. 

 

The poor alignment of the AV to the Nissl dataset counterpart (including the layer 1 layer 2 boundary, see Section 2.2.3) may explain 

this result. It is artificially raising the density of neurons in layer 1, which in turn, increases the ratio of inhibitory neurons in the 

isocortex (black contour in Figure 3-8B). Additionally, the densities of PV+, SST+ and VIP+ neurons, mostly constrained by Kim et al. 

[16], are providing a lower limit for the total number of inhibitory neurons in each region (green bars in Figure 3-8B). To improve on 

the ratios of inhibitory neurons in the isocortex we should therefore check its densities of neurons and our predictions of GAD67 

neurons in those regions. We also notice that the estimated densities of inhibitory neurons are quite similar from layers 2 to 5, and 

across isocortex subregions (Figure 3-8A and Sup. Figure 5). As an additional validation, we check if our model can reproduce the 

findings of Meyer et al. on rats in the barrel cortex [59]. To do so, we computed the neuron density profiles according to the distance 

between their soma position and the pia (see additional methods and Figure 3-8C). The direct comparison of our density profile and 

the results from Meyer et al. are shown in Figure 3-8D [87]. The distributions of the excitatory and inhibitory neuron populations 

according to their distance to the pia are similar despite the cross-species comparison.  

3.3.4 New distribution of me-types for the isocortex 

Using Roussel et al. pipeline [63], we were able to obtain a new distribution of neuron me-types within the isocortex. These results 

can therefore be directly compared with the ones obtained with Erö’s pipeline (see Section 3.1). Sup. Figure 9 and Figure 3-9 show 

the distribution of the neuron me-types in the somatosensory cortex lower limb in respectively BBCAv1 and BBCAv2.  

First, as we discussed in Section 3.3.3, the inhibitory neurons proportion has increased when compared to BBCAv1 (see Sup. Figure 

9AB and Figure 3-9AB). We notice that this change is more important in the subgranular layers (layer 4 to 6). As we discussed in 

Section 3.3.3, the density of inhibitory neurons seems to be similar from layer 2 to layer 6, but the densities in the subgranular layers 

is lower than in L2/3. This can partially explain this change in inhibitory proportion. Second, we observe that the populations of 

Martinotti cells (MC) and the nested and large basket cells (NBC and LBC) seem to take a larger portion of the m-type distribution 

when compared to BBCAv1 (see Sup. Figure 9C and Figure 3-9C). As discussed in Roussel et al. [63], this might be linked to an over-

representation of these neurons in the original BBP datasets used to construct the cell type to molecular identity mapping. Similarly, 

an under-representation of the Lamp5 population in the original AIBS datasets. Third, the e-type distribution changed drastically 

between BBCAv1 and BBCAv2. We observe that the inhibitory e-type population is more evenly distributed (see Sup. Figure 9D and 

Figure 3-9D). These differences in e-type distribution cannot be fully explained by the m-type changes previously observed. Indeed, 

the Markram et al. [4] distribution of m-to-e-type distribution would not explain the more important proportion of the bursting 

Stuttering (bStut) population solely based on an increase of MC, SBC, and LBC neurons. This indicates a more profound change in the 

proportion of m-to-e-type in SSCtx-LL in our model. This can be due to the label regrouping of the inhibitory e-type labels from the 

BBP datasets under the Fast Spiking (FS), non-Fast Spiking (nFS), irregular spiking (IR) and adapting (Adapt) categories in the AIBS 

dataset. This regrouping mapped most of the continuous non-Accommodating (cNAC), delayed non-Accommodating (dNAC), contin-

uous Stuttering (cSTUT) and continuous Stuttering (dSTUT) types under the FS category. All these e-type populations were reduced 

with the new mapping, except for the cSTUT population, which might indicate that the proportion of the FS category was overall 

reduced in the new model compared to the old distribution.  
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Figure 3-9 Distribution of neurons in the BBCAv2 Somatosensory cortex lower limb. 

A. Coronal view of the BBCAv1 neuron distribution in the Somatosensory cortex lower limb region (SSCtx-LL). This panel shows the positions of distinct 

types of neurons in the different layers. Inhibitory and excitatory cells appear respectively in red and blue. 

B. Distribution of neuron counts in SSCtx-LL according to their distance to the pia. The excitatory distribution is displayed with the blue line, the 

inhibitory population with the red line and the sum of the two is shown in gray. AV mean layer limits are represented as vertical dash lines. 

C. Distribution of Inhibitory Morphological types (m-types) in SSCtx-LL according to their layer (left panel) and their distance from the pia (right panel). 

Each m-type population is represented with the same color in both panels. The left panel shows the proportion of the inhibitory m-types in each layer 

as percentage. The right panel shows the cumulative distribution of the inhibitory m-types according to their distance to the pia. AV mean layer limits 

are represented as vertical dash lines. 

D. Distribution of Inhibitory Electrical types (e-types) in SSCtx-LL according to their layer (left panel) and their distance from the pia (right panel). The 

panels are analog to C. 
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3.3.5 Validation of the pipeline 

In our revised workflow for BBCAv2, we used a linear transfer function to map ISH expression levels to literature cell density to then 

estimate the cell densities in regions where no literature value is available. The fidelity of the transfer function depends on both the 

quality of the ISH images and the quality of the underlying literature estimates of the cell densities. As we highlighted in Section 3.2.2, 

the genetic marker datasets are prone to artifacts due to slicing. Also, their coverage of the mouse brain is not perfect (see Figure 

3-2D). Combining multiple datasets of the same genetic marker can blur the spatial details of brain structures. For each marker, the 

AIBS website hosts similar ISH experiments in sagittal (Figure 3-11A) and coronal (Figure 3-2A) slices. We compare the results of our 

pipeline, using two different coronal ISH datasets for GAD67 and find very similar results in terms of fitting, distribution of inhibitory 

neurons and remaining errors after corrections (see Sup. Table 2). To blur the individual artifacts of the ISH datasets, we combine 

these datasets after realignment, taking the mean of their expressions. We then linearly fit the marker expression from the resulting 

dataset to literature densities, but we find no significant improvement. This result can be explained by the slicing of these two exper-

iments which, in both cases, is not fully covering the tips of the olfactory bulbs and the cerebellum as illustrated in Figure 3-2D.  

Next, we explore the impact of the amount of literature values available on the quality of the transfer function. We do this experi-

mentally by running our workflow with a fraction f of the available literature points (70% up to 95%). For each fraction f, we perform 

20 separate experiments, each with a different random subset of literature values. Thus, for each fraction f, we obtain 20 different 

estimates of the cell density in each brain region r ∈ R. We also compute the standard deviation of the resulting density values for 

each region (σ(r, f)). As we increase the number of literature values that are contributing, we expect the standard deviation of the 

density estimates to decrease. We observe that the average of all standard deviations for each marker gets smaller as more literature 

values are integrated (see Figure 3-10A). 

For each region r, we then use all σ(r, f) to extrapolate the standard deviation of the density for f=100%. This standard deviation σ(r, 

100%) represents the confidence of our pipeline in our final predicted densities for each region. 

Surprisingly, the quality of the fitting does not significantly improve with more literature values added to the pipeline (see Figure 

3-10C). This result indicates that the coefficient of determination is mostly influenced by the neuron distribution obtained at step 2 

(see Figure 3-1), the ISH experiments or the method to group the regions (here cerebellum, isocortex and rest, see Figure 3-4).  

We also test the capacity of the BBCAv2 to predict values of literature. We select 90% of the literature points available, and then 

compare the generated densities to the remaining points (see Figure 3-10B). Most of the density values produced with this method 

fall within the confidence interval of their literature counterparts. This workflow is therefore capable of predicting densities of cells 

within range of what literature provides. 
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Figure 3-10  Impact of the amount of literature on the BBCAv2. 

(A) Evolution of the mean standard deviation of each genetic marker (shown in distinct colors) using different percentages of the total amount of 

literature values available.  

(B) Comparison of the generated density values of the BBCAv2 with their literature counterparts using 90% of the total amount of literature values 

available (20 trials). The color encodes the brain regions according to the AV, while the shapes of the points encode for cell types. The middle line 

delimits equal quantities, while the dashed line shows the average deviation of 2.7-fold between literature values reporting on the same region for 

PV, SST and VIP neurons. 

(C) Evolution of the coefficient of determination R². Each line corresponds to the R² value of the fitting performed using different percentages of the 

total amount of literature values available. The color of these lines is linked to the gene chosen and their color shade corresponds to their fitting group 

(here isocortex and Rest, as in Figure 3-4). 

 

As an additional qualitative validation, we compare our generated GABAergic neurons positions with a sagittal slice of GAD67 expres-

sion from the AIBS (see Figure 3-11AB) and find a similar whole brain distribution. Some of the visual differences between Figure 

3-11A and Figure 3-11B can be explained by the fact that in the image from the BBCAv2 (Figure 3-11B), the soma sizes are uniform 

across all cells, while in the brain, soma sizes differ considerably between cell types and brain regions (Figure 3-11A). Moreover, the 

AV1a is based on the coronal Nissl experiment from the AIBS (see Section 2.1) which is not well covering the tips of the cerebellum 

and the olfactory bulbs (see Figure 3-5A) and deforming them. However, this comparison highlights the fact that in our model the 

thalamus and the cerebellum have too many inhibitory neurons. Additionally, the granule layer of the dentate gyrus is clearly visible 

on the original experiment but not in the BBCAv2 brain slice (center black arrow). Our density estimates for this region (5403 mm-3]) 

are, however, in the range of the literature [43], [88]. The granule layer of the dentate gyrus is very dense [8], and Zeisel et al. [66] 

have shown that its excitatory neuron population expresses GAD67 at a low level, but not GAD65. A closer inspection of the GAD67 

and GAD65 ISH brain slice images allowed us to identify two types of cells expressing the markers. The cells with the largest radius 

and the strongest level of expression of GAD67 and GAD65 are sparse and their description corresponds to the inhibitory neurons, 

as in Jinno et al. study [43]. The other population of cells are smaller in diameter and their expression of GAD67 is lower compared 

to the other population. This population is additionally not visible in the GAD65 brain slice, which indicates that it corresponds to the 

excitatory neuron population. 

In Figure 3-11, the original slice in panel A shows spatial detail with higher resolution than our reconstruction in panel B. For example, 

in the olfactory bulb, panel A shows the layering of cells, as we do in the cerebellum and hippocampus. The spatial resolution of our 

cell atlas is lower because the density is assumed uniform within regions at the lowest level of the AIBS region hierarchy (assumption 

5), following the estimated cell density. 
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Figure 3-11 Qualitative validation of the BBCAv2 and comparison with BBCAv1. 

GAD67 sagittal brain slices comparison between (A) the filtered image from an ISH experiment by the AIBS at the top and (B) the BBCAv2 predicted 

GABAergic neurons positions at the bottom. Cells reacting to the marker are displayed in purple. Blank regions in our model correspond to fiber tracts 

regions which host no neuron. This slice does not take regional soma sizes into account. Most of the density features of the real experiment can be 

found in the BBCAv2 slices. Black arrows point to the thalamus (left arrow), molecular layer of the dentate gyrus (center arrow) and granular layer of 

the cerebellum (right arrow) of each brain.  

(C) Circular distributions of the densities of PV+, SST+ and VIP+ neurons computed according to the Erö et al. method on the left [8] and our method 

on the right (colors as in Figure 3-3A).  

Distribution of PV+, SST+ and VIP+ neuron density values reported in literature against generated densities, using the BBCAv1 method (D) and the 

BBCAv2 method (E), for similar regions. The color encodes the brain regions according to the AV, while the shapes of the points encode for cell types. 

The middle line delimits equal quantities. 
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We also compare the estimates of PV, SST and VIP densities from the BBCAv2 against similar estimates with the BBCAv1 [8]. For the 

BBCAv1, we use the global number of PV, SST and VIP neurons in the mouse brain from Kim et al. [16] and the PV, SST, and VIP 

realigned datasets (see Section 3.2.2, Figure 3-11C). The BBCAv1 maintains the global number of inhibitory subtypes expected in the 

whole brain at the cost of losing the local distribution (see Figure 3-11D). For instance, Kim et al. [8] found that the cerebral nuclei 

regions contain 62 VIP neurons per mm3, while the BBCAv1 predicts it to contain 963 VIP neurons per mm3 (see Figure 3-11C, cerebral 

nuclei regions appear in light blue). The BBCAv2 method, on the other hand, aims to maintain local estimates from literature in a 

coherent atlas (see Figure 3-11E). It is therefore usually underestimating the densities of each neuron type according to literature 

since the neuron and inhibitory neuron densities act as maximum constraints. It is therefore usually providing density estimates 

closer to their literature counterparts for each neuron type. 

Our model integrates literature values in the coherent framework of the cell atlas, with constraints and assumptions that we control 

and that we can refine whenever more data become available about the mouse brain. 

3.4 Discussion 

We have described a novel approach to estimate cell densities in the mouse brain based on literature findings (see Section 3.2.4), ISH 

experiment data from the AIBS (see Section 3.2.2) and clear assumptions (see Section 3.2.3). This allows us to provide new estimates 

of inhibitory neuron counts for each region of the mouse brain, including PV+, SST+, VIP+ neurons, and remaining inhibitory neuron 

subtypes, in a consistent framework: The Blue Brain Mouse Cell Atlas (BBCAv2). BBCAv2 extends the results of BBCAv1 and deepens 

our knowledge of the cellular composition of the mouse brain. Additionally, the BBCAv2 can be easily adapted to estimate the den-

sities of other cell types, providing more details about the composition of the brain in terms of morphological, molecular, or electrical 

properties. Further analyses can be carried out to study ratios and correlations of the different cell types of the brain. 

3.4.1 A new approach to integrate literature findings into the Blue Brain Cell Atlas 

To compensate for the great variability of cell density measurements in literature and to avoid a bias towards any particular finding, 

we decided to use as many data sources as possible (see Section 3.2.4) in our workflow. The BBCAv2 therefore becomes a reflection 

of our current knowledge about cell composition in the mouse brain. However, this makes it also more difficult to validate, since only 

limited data or studies remain available to compare our results to. Moreover, any additional literature value that we could use to 

validate our counts might itself be as trustworthy as the literature values used to build our model. On the other hand, qualitative 

validations can highlight inconsistencies in our results as shown in Figure 3-11AB.  

As we will discuss, obtaining ground truth for densities of cells in the mouse brain is an exceedingly challenging task. Density estima-

tion is indeed subject to many diverse sources of variability such as data acquisition techniques, brain region delineation and inter-

subject variability as well as a lack of knowledge about cell types in several regions of the brain (see Figure 3-3A and Table 3-1). We 

need to be aware of all these biases and potential errors that may influence our estimates. In this paper, we therefore tried to clearly 

state all our assumptions, to measure the impact of each dataset that we used, and to list all the remaining problems that still need 

to be solved. 

3.4.2 Effect of alignment impact on cell density estimation 

Both Blue Brain Mouse Cell Atlas pipelines are based on a pair of reference atlas datasets from the AIBS which exist in multiple 

versions. Prior to refining the BBCAv1, we had to measure the reliability of each reference atlas version available. We assessed newer 

versions of the AV and analyzed their impact on cell densities calculation. We found that the best cell density estimates can be 

obtained if the pair of reference datasets (Nissl volume and AV) is perfectly aligned to each other. For example, if the border between 

two regions with significantly differing densities (e.g., isocortex layer 1 and layer 2, see Figure 2-5AC) is not perfectly aligned with the 

corresponding Nissl, then the densities in the particular regions will be over- or underestimated. Hence, the CCFv3 AV, while depicting 

a smooth average brain volume, provides the worst density results when combined with Nissl2. 

The Nissl reference volume from Dong [7] shows the cell distribution of a single individual and the shape of its brain has been 

stretched and sometimes torn by the slicing, which yields a very noisy dataset. The derived annotation atlas had to follow this rough-

ness with sometimes discontinuous region borders. The resulting AV are therefore less attractive for circuit modeling. We can still 

benefit from the best of each dataset, computing the densities using the CCFv2 or CCFbbp and then populate the CCFv3 smooth brain 

volume with these estimates. Cell distribution in the lowest level of the region hierarchy will be considered homogenous. Potential 

inner region gradient can be kept if a common vector base is defined in each AV version.  
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3.4.3 Challenges linked to ISH marker expression datasets 

Another crucial stack of input data consumed by the BBCAv2 pipeline includes the filtered ISH images of the mouse brain from the 

AIBS. These datasets were realigned at step 1 of our method and used at step 3 to obtain density estimates in the regions missing 

literature values.  

First, we considered the ISH image slices to be perfectly vertical to simplify their realignment to Nissl and the interpolation between 

them. This assumption is however not true and the AIBS provides the position of the image corners in each ISH experiment metadata. 

In a future iteration of our pipeline, we will consider integrating each ISH slice at its exact position as it might help the algorithm to 

find the right landmarks to realign the images to the Nissl counterpart.  

The ISH experiments cover partially the whole mouse brain, with one slice stained per 200 μm in the rostro-caudal axis (see Figure 

3-2D) [21]. Additionally, they represent different mouse individuals whose neuron distribution might vary a lot with respect to one 

another. As we discussed in Section 3.3.5, the combination of similar ISH datasets can improve their coverage of the brain and blur 

out the remaining artifacts. Furthermore, ISH experiments performed with a sagittal slicing covers regions not included in the coronal 

experiments and their addition will improve the ISH whole brain coverage. Using these datasets requires the realignment of the 

sagittal images of the inhibitory markers to the Nissl volume, using the deep learning algorithm described from Krepl et al. [36]. The 

usage of these datasets is currently investigated for a future update of the pipeline.  

The marker datasets, despite having been processed by the AIBS, are still subject to artifacts and noise which will artificially raise or 

lower our cell counts estimates (see Figure 3-2A). To counter these effects, Erö et al. [8] used the Nrn1 marker, as it is expressed in 

excitatory neurons, to limit the expression of GAD67. The expression of GAD67 was here scaled according to the expected ratio 

between excitatory and inhibitory neurons from Kim et al. [16] and normalized according to the sum of the expression of GAD67 and 

Nrn1. The GAD65 marker has also been reported to be expressed in GABAergic cells [89]. Similarly, we can extend our approach, 

knowing the density of neurons expressing Nrn1 and GAD65 in regions of interest, to correct our estimates of GABAergic neurons.  

We also chose to use an all-or-none filter on the filtered images because we were interested in counting all the cells expressing the 

marker. However, we could deduce counts of subpopulations of neurons which express their marker at specific levels. These levels 

might depend on the regions or the cell types, but it is an opportunity to improve the BBCAv2 locally.  

Future analysis will include estimating cell density from the ISH images using automatic point-detection algorithms as presented in 

Erö et al. [8]. These algorithms will provide new cell counts to rectify our estimates. However, cell counting requires significant re-

sources to be applied to the whole brain, and will also be biased by cell overlapping, especially in highly dense regions such as for 

Cerebellum, as discussed in Erö et al. [8]. 

3.4.4 Limitations of the assumptions of the pipeline 

The BBCAv2 estimates of the different cell densities are based on the five assumptions described in Section 3.2.3. These assumptions 

come from findings mostly published on the isocortex and represent the rules we used to categorize all cells in the mouse brain [59], 

[60], [66]–[71]. However, for each of our first four assumptions, we found exceptions reported in literature:  

1. A small portion of astrocytes from the visual cortex have been reported to express GAD67 [90].  

2. Szabolcsi and Celio [91] observed that ependymal glial cells express PV. These cells are surrounding the ventricles of the 

mouse brain which regions are present in the AV. No neurons were placed within these regions as can be seen in Figure 3-5; these 

cells should therefore have a minor impact on our results.  

3. Zeisel et al. [66] reported that PV, SST, and VIP populations overlap in most regions of the brainstem. There are many types 

of cells co-expressing at least two of our markers with different levels of expression and we found no automatic solution to detect 

each of these cells using the data available, since the ISH data from the AIBS comes from different species. Lee et al. [92] also pointed 

out, using double ISH staining, that a population of neurons in the isocortex is co-expressing PV and SST. 

4. Zeisel [66] also found that PV and SST are expressed in excitatory neurons and VIP in modulatory and non-inhibitory neurons 

in some regions of the brainstem such as the colliculus and medulla, which were detected as errors in our reports (see Figure 3-5A).  

If validated by additional studies of density estimates in the regions where these exceptions have been reported, we could justifiably 

subtract a proportional amount from the deduced numbers of GABAergic cells in future versions of the model. 
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As we describe in Section 2.4.1, some of the inner region variation of cell densities can be lost applying the assumption 5. This con-

cerns gradients within the neuronal population since the neuron distribution is derived from the Nissl volume. For instance, in the 

hippocampus CAs, Jinno et al. [43] have shown a dorsal to ventral distinction in the density of the inhibitory neurons, which is not 

reflected by the subdivision of the AV. Additional subregions for the AV have to be created to include these findings. 

3.4.5 Reliability of quantitative studies on inhibitory neurons 

One of our objectives was to match regional estimates from literature with our neuron types’ density distribution. To do so, we 

performed a literature review of quantitative studies on PV+, SST+, VIP+, and GAD67+ neurons in the mouse brain (see Section 3.2.4).  

Unfortunately, we found that literature does not provide a complete coverage of the whole mouse brain for GAD67. This can be 

explained by the difficulty to perform cell counting or cell detection on large tissue volumes, or by the fact that some regions are 

more frequently studied than others (e.g., barrel cortex, hippocampus CAs, see Figure 3-3B). Moreover, GAD67, PV, SST and VIP are 

extensively used genetic markers in literature, this is not the case for most of the markers available (e.g., LAMP5). This means that 

the more precise our cell composition becomes the more difficult it will be to gather enough data points from literature and obtain 

meaningful transfer functions (see Section 3.2.5).  

We also found that studies reporting similar measurements of neuron densities sometimes yielded very disparate results (see Figure 

3-3B and Table 3-1). Literature density estimates can be biased by the age, sex, staining technique, neuron counting method, or 

measurement of the volume of the region of interest [15], [16].  

Some of the densities used to build our transfer functions were computed according to cell counts from literature divided by the 

volumes of the regions of the AV, and potentially prone to errors as we pointed out in Section 2.2.3. Some regions are also known to 

be purely inhibitory (e.g., layer 1 of the isocortex) and we therefore used the Cell Atlas neuron densities, which are themselves subject 

to errors as discussed previously. 

3.4.6 Variability of the transfer functions 

Fitting a transfer function from region mean intensity to cell type density is a required process to obtain the density of inhibitory cell 

type in regions where no literature data are available (see Section 3.2.5). However, as shown in Figure 3-4, the gathered points display 

a great variability which makes it difficult to find a function to represent the relation between region mean intensity and cell density. 

This variability might come from the ISH data used to fit the model, or from the literature itself (as discussed in the previous sections).  

In our future work on the Cell Atlas pipeline, our transfer function will be improved by creating more subregion groups for which 

separate fittings will be done. These subgroups could correspond to different expected soma sizes for the cell type of interest. How-

ever, this would reduce the number of points available to fit the function and might result in an overfit.  

We will also test other monotonically increasing functions to fit the cloud of points of Figure 3-4 such as sigmoid functions to integrate 

any threshold dynamics for low expression values or saturation for high expression values.  

Overall, we found that the fitting of the transfer functions from marker expression to cell densities is sensitive to errors linked to the 

datasets used as input which can explain some of the BBCAv2 results and the fitting low coefficient of determination. 

3.4.7 Consolidation of neuron density estimates 

As we discussed in Section 3.4.5, literature reliability on estimates of cell counts is currently insufficient. Similarly, the fitting of these 

literature values to marker expression suffers also from the lack of coverage and remaining artifacts of the ISH datasets (see Section 

3.4.3). We described a method in Section 3.2.6 to reconcile our disparate estimates into the consistent framework of the BBCAv2. 

This method aims to minimize the amount of correction needed to obtain a coherent solution.  

In our minimization function (Equation 3-11), we chose to divide the differences measured according to the standard deviation of 

our first estimates (σ). This parameter accomplishes two purposes: first, it reduces the impact of dense regions on the global minimi-

zation score, and second, it gives more weight to estimates where either literature or the fitting are more confident. Other σ values 

will be tested in the future, such as the total number of neurons in the region to limit the impact of neuron density and in turn, give 

the same relative weight to each region. Similarly, we will measure the impact of adding an extra weight to maintain the proportion 

of each cell type within a region. This new constraint will have to be balanced with the previous one. 
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We assumed that the distribution of neurons in the mouse brain using the BBCAv1 method is correct, which means that whenever 

there was a contradiction between this distribution and the BBCAv2 inhibitory neuron estimates (coming from literature or the fit-

ting), the error will be attributed to the latter. BBCAv2 results are therefore biased by BBCAv1. The results of Erö et al. have been 

validated against literature counterparts [8] but might be incorrect in some specific regions (as depicted in Figure 3-11C). The BBCAv2 

seems however to be more in agreement with literature than the BBCAv1 (see Figure 3-11DE). In a future work, we will therefore 

test our novel approach to estimate cell, neuron, and glia densities in the mouse brain (step 2 of the pipeline - see Figure 3-1) based 

on literature and the fitting. To this end, we will extend the literature review from Keller et al. [17]. The optimization process from 

step 4 will have to include these new constraints and variables to solve them all at once. 

3.4.8 Changes in counts of inhibitory neuron in the brain 

We obtained a new distribution of inhibitory neurons in the mouse brain, including a new distribution of PV+, SST+, and VIP+ neurons. 

The ratios of our inhibitory neuron subtypes counts divided by the neuron counts of the BBCAv2 fall near the numbers reported by 

Kim et al.: 4.03% PV+, 3.29% SST+, 0.63% VIP+ neurons [16]. The differences can be explained by the integration of other sources of 

literature to estimate these neuron population densities in the brain.  

In the BBCAv1, the total number of inhibitory neurons taken from Kim et al. [16] was used to constrain the whole atlas. This resulted 

in an underestimation of the total number of inhibitory neurons in the brain. Since our new pipeline now also accounts for the Rest 

population, estimates in BBCAv2 are higher compared to BBCAv1. The three regions with the most pronounced updates of inhibitory 

neuron densities are: isocortex, olfactory areas, and cerebellum (see Table 3-3).  

In the cerebellum, only the granular layer was updated since the molecular layer was already marked as purely inhibitory in both 

versions of the Cell atlas pipeline. As we observe in Figure 3-11AB, this BBCAv2 model seems to display too many inhibitory neurons 

in the cerebellar cortex, granular layer and in the thalamus in general when compared to the GAD67 ISH experiment. Some interneu-

rons of these regions seem to co-express PV and SST as pointed out by Zeisel et al. [66], and as can been seen with a manual inspection 

of ISH slices of PV, SST and GAD67. As we discussed in Section 3.4.4, we can implement this specificity in our assumptions.  

In the olfactory areas, we have collected density estimates from literature [93], [94]. These estimates compensate for the poor cov-

erage of the olfactory bulb by the GAD67 marker experiment (see Figure 3-2D) and result in larger inhibitory cell density estimates in 

BBCAv2.  

In the isocortex, the BBCAv2 estimates an overall higher proportion of inhibitory neurons. In some regions, such as the barrel field or 

the auditory areas (see Figure 3-8B), the ratio of inhibitory neurons in the isocortex seems to be close to the 20% reported in Markram 

et al. [4] and Meyer et al. [87]. In other regions, such as the motor areas, the ratio of inhibitory neurons averages above 30%. For 

most of the isocortex regions, we gathered at least one density estimate for PV, SST and VIP expressing neurons from the literature; 

the ratio of inhibitory neurons in these regions is therefore minimized by the sum of these literature values divided by the counts of 

neurons from the BBCAv2. We studied the distribution of these ratios in the isocortex and found its average value to be 17.5% and 

its maximum to be 34.4%. The distribution of the ratios of GAD67 counts from literature divided by the counts of neurons from the 

BBCAv2 spans from 16.9% to 34.4% with a mean value at 28.5%. This indicates either that the expected 20% ratio of inhibitory 

neurons is incorrect in some regions of the isocortex or that the distribution of neurons from the BBCAv2 obtained at step 2 is incor-

rect (see Figure 3-1).  

We also found that the Rest population corresponds to a large proportion of inhibitory neurons in the whole mouse brain. In the 

isocortex, multiple literature findings  show that the proportion of the Rest population should be low [60], [92]. However, this is not 

the case in the other brain regions. For instance, the striatum is a region almost if not entirely inhibitory (see review from Tepper et 

al. [95]). Among the inhibitory neuron population in this region, 95% of them are medium spiny neurons. This population has been 

shown by Zeisel et al. [66] to be expressing neither PV, nor SST nor VIP. Similarly, Zeisel et al. reported multiple neuron types belong-

ing to the Rest population, especially in the olfactory bulb and in the brainstem. This indicates, as discussed in Section 3.4.4, that our 

equations might need to be refined in some regions of the brain, based on literature composition.  

Furthermore, the first two steps of the pipeline are based on the approach of Erö et al. [8], i.e., it uses global estimates from Hercu-

lano-Houzel et al. [22] and the Nissl volume to estimate cell densities in every region of the brain. As we saw in this study, this 

approach is sometimes not in agreement with literature due to artifacts in the Nissl dataset (see Figure 3-5A and Figure 2-2) or 

misalignments of the latter with the AV (see Section 2.2.3). 
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3.4.9 Changes in the me-type distribution for inhibitory neurons 

We obtained a new distribution of me-types in the mouse brain and in the isocortex in particular. As we presented in Section 3.3.4, 

the change of E/I ratio induced by the change of method to estimate inhibitory neuron densities play a significant role in distribution 

of morphological types in regions of the isocortex (See Figure 3-9). It has to be noted that the mapping from Roussel et al. [63] is 

performed on datasets from different species (rat and mouse), targeting different regions of the isocortex (somatosensory cortex, 

lower limb, and primary visual cortex) which might explain some of the distribution changes observed, despite the normalization 

process to extract me-features. Moreover, only common features were extracted from both datasets which means that the remaining 

me-features could not be mapped to a molecular identity. These features might however be important to distinguish different pop-

ulations of neurons in isocortex. Future analyses would have to be carried out in order to weigh the relevance of each feature in the 

final mapping. Additionally, the same mapping was applied to the entire isocortex, which may explain partially the overall smooth 

distribution of types across isocortex. However, additional datasets would have to be integrated to improve on this mapping, which 

might reduce even more the number of common features to extract and map types on.  
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 Whole mouse brain connectivity 

atlas 
A first version of the cell-to-cell whole mouse brain connectome was obtained from a previous work in our laboratory [2]. This model 

was built using two approaches to deal respectively with the long- and short-range connections in the brain. In this chapter, we refine 

the short-range connectivity by integrating connectivity data from the literature. We also analyze how the refinement of the cellular 

composition in 0 impacts our connectome of the mouse brain. 

4.1 Introduction 

4.1.1 Long range connectivity reconstruction 

To model neural connections in the brain, there are two types of information that are required. For each neuron, we need to define 

its target neurons and how many efferent synapses it creates with these targets. To answer these questions, Erö [2] decomposed the 

whole mouse brain connectome modeling into two distinct parts: Mesoscale and Microscale connectivity. First, the author catego-

rized the neurons of the cell atlas based on the type of efferent connections they create. The three categories were the short range 

(for Microscale connectivity), long range (Mesoscale connectivity) and both ranges. The neurons were assigned to the distinct cate-

gories based on their neuron/electrical type (see Section 3.2.8), filling the table below.  

 Long-range Short-range Both 

Excitatory neurons  13940990 375363388 8265965 
Inhibitory neurons 39833 11921494 0 

Table 4-1 Cell atlas neuron counts based on efferent connection types 

This table shows the counts of neurons from the BBCAv1 sorted by the type of efferent connections that these neurons create. These connection 

types are based on the source neuron type as defined in the BBCAv1 (see section 3.2.8). In absence of literature regional neuron type distribution, 

the excitatory neurons are considered to create both long- and short-range efferent connections, while inhibitory neurons create short range con-

nections. Modulatory neurons are not connected to the circuit as their impact on the neural circuit is still poorly understood. 

 

Then, using these neuron categories, Erö defined the following equations to describe the mean number of efferent synapses each 

neuron creates in the mouse brain: 

 𝑀𝑏𝑟𝑎𝑖𝑛 =  𝑚𝑜𝑢𝑡
𝑙𝑜𝑛𝑔

⋅ (𝑁𝐸𝐿 + 𝑁𝐸𝐵 + 𝑁𝐼𝐿 + 𝑁𝐼𝐵) + 𝑚𝑜𝑢𝑡
𝑒,𝑠ℎ𝑜𝑟𝑡 ⋅ (𝑁𝐸𝑆 + 𝑁𝐸𝐵)  +  𝑚𝑜𝑢𝑡

𝑖,𝑠ℎ𝑜𝑟𝑡 ⋅ (𝑁𝐼𝑆 + 𝑁𝐼𝐵) 

𝑀𝑏𝑟𝑎𝑖𝑛 = 3.0 ∗ 1011, 𝑚𝑜𝑢𝑡
𝑒,𝑠ℎ𝑜𝑟𝑡 = 2630, 𝑚𝑜𝑢𝑡

𝑖,𝑠ℎ𝑜𝑟𝑡 = 957, →  𝑚𝑜𝑢𝑡
𝑙𝑜𝑛𝑔

= 10118 

Equation 4-1 

 

In Equation 4-1, 𝑀𝑏𝑟𝑎𝑖𝑛 corresponds to the total number of synapses in the brain, NEL is the number of excitatory neurons with long 

range connectivity, NES is the number of excitatory neurons with short range connectivity, NEB the number of excitatory neurons with 

both long- and short-range connectivity (respectively NIL, NIS, NIB for inhibitory neurons). 𝑚𝑜𝑢𝑡
𝑒,𝑠ℎ𝑜𝑟𝑡 corresponds to the mean number 

of efferent short-range synapses per excitatory neuron (respectively 𝑚𝑜𝑢𝑡
𝑖,𝑠ℎ𝑜𝑟𝑡 for inhibitory neuron), which allow for the computation 

of the mean number of efferent long-range synapses per neuron 𝑚𝑜𝑢𝑡
𝑙𝑜𝑛𝑔

. With this equation, we are therefore capable of measuring 

the mean total number of efferent synapses that neurons create in the mouse brain. 

For long-range connectivity, using the extensive rAAV tracer injection experiments from the AIBS, Erö was capable to reconstruct the 

mesoscale connectivity from Oh et al. [29]. The axons of the neurons injected with the rAAV during these experiments can indeed be 

highlighted with green fluorescent protein (GFP). The AIBS made the results of these experiments publicly available in the form of 

GFP expression datasets of 100µm3 resolution, aligned to the AIBS average brain (see Figure 2-1C bottom). Erö integrated these 

datasets in the BBCAv1 which allowed for the extraction of the neurons that were injected with the virus and their targets. Then, the 

author used an acceptance rejection algorithm to randomly select potential targets based on the GFP expression in the target area 
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of each experiment. The resulting connectivity matrix shows a great resemblance with the results from Oh et al. [29], as analyzed by 

Erö. However, the rAAV tracer experiments are not covering the entire brain. In fact, after mirroring the AAV experiments on the 

other hemisphere, around 20% of the neural population has been covered by at least one experiment (see Figure 4-1A and Table 

4-2). Moreover, neurons injected with the same experiment cannot be distinguished due to the resolution of the datasets. Hence, 

these neurons will have the same predicted targets. Ideally, we would need to reconstruct each neuron morphology to be able to 

place them directly in our brain volume and extract the right targets. A good estimation of the confidence of our long-range connec-

tivity matrix can therefore be measured using the ratio of the number of AAV experiments per neuron within a region. We performed 

these measurements for the connectivity matrix obtained from the whole brain model with 1% of its neurons and 1% of its synapses. 

From this Figure 4-1B, we can see that the Pallidum is the region with the most injections per neuron (1 per 49 neurons) while the 

cerebellar cortex is poorly covered by the experiments (1 per 11695 neurons). These analyses can help us in determining regions 

where new connectivity data need to be integrated to improve the long-range connectivity of our model. 

 

Figure 4-1 AAV tracer injection coverage from Oh et al. [29]. 

(A) Fraction of neurons covered by at least one rAAV tracer experiment, grouped by brain region. 

(B) Average number rAAV tracer experiments per neuron, grouped by brain region.  

Region shown: Thalamus (TH), Hippocampal formation (HPF), OLF (Olfactory areas), Cortical subplate (CTXsp), Hypothalamus (HY), Hindbrain (HB), 

Midbrain (MB), Pallidum (PAL), Cerebellar nuclei (CBN), Cerebellar cortex (CBX), Striatum (STR), Isocortex (CTX). 

 

Region name Number of Injection Number of neurons injected Total number of neurons 

Isocortex 202 29474 89644 
Olfactory areas 58 12092 81879 
Hippocampal formation 117 16968 49035 
Cortical subplate 45 1898 5061 
Striatum 75 5478 17219 
Pallidum 51 1290 2494 
Thalamus 93 7457 13630 
Hypothalamus 81 7036 12131 
Midbrain 103 6455 12983 
Hindbrain 77 4371 10512 
Cerebellar cortex 36 51876 421035 
Cerebellar nuclei 8 527 1328 

Table 4-2 Neuron coverage of the AIBS AAV tracer injections. 

For each main region of the mouse brain, the number of AAV tracer injection experiments are listed together with the number of neuron injected and 

the total number of neurons in the region. 
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4.1.2 Short range connectivity reconstruction 

For short range connectivity, neurons were assumed to connect to any neuron in their surrounding area. This area was defined as a 

sphere of diameter 442.78µm surrounding the neuron soma, based on the work of Markram et al. [4]. This radius parameter was the 

same for every neuron despite the great variability of their morphology as the latter is usually unknown.  

To test this model, we compared the m-type to m-type connectivity matrix extracted from Markram et al. [4] in the SSCtx-LL to a 

similar matrix from our model (see Figure 4-2). The Markram et al. circuit leverages the morphologies of its neurons to create con-

nections between them. Their algorithm detects the apposition of the neuron morphologies which are labeled as potential touches. 

Connectivity rules are applied to filter correct potential connections. For instance, most of the axon-to-axon apposition will not be 

considered as potential connections. Then pruning operations are applied to reduce the number of appositions to regroup synapses 

and match literature distribution of bouton densities. The final connectivity matrix represents therefore a target for our model as it 

captures morphological detail that our point-neuron model lacks by definition. 

We found differences in the distribution of synapses between Markram et al. circuit [4] and ours (see Figure 4-2). First note that our 

model does not have the same set of m-types as in Markram et al. This is due to a refinement of the excitatory m-types by Kanari et 

al. [96], which we integrated in our model. This may explain a few differences between the matrices of Figure 4-2. Markram et al. 

found almost no connections coming from layer 1 neurons and targeting the L6 excitatory populations and conversely connections 

L2/3 inhibitory neurons send axons to L5 and L6. However, as can be seen in Figure 4-2B, these properties are not matched by our 

model. Moreover, the ChC population should not target inhibitory neurons even by chance. 

A second issue with our model is linked to the presynaptic electrical parameters used to simulate the synapses’ dynamics. These 

parameters are defined based solely on the presynaptic neuron type: excitatory or inhibitory. However, literature reported specific 

parameter sets to link neuron type together [4], [14]. These electrical parameters are not implemented in our model but play a role 

during simulation.  

It is difficult to improve on the local connectivity algorithm from Erö without placing neuron morphologies and looking at the appo-

sitions of axons on dendrites or integrating literature connectivity rules. However, in this chapter, we will implement a recipe-based 

connectivity where connection types can be refined based on literature findings on the neuron/electrical type of the source and 

potential neuron targets. This kind of information can be easily implemented to refine the short-range connectivity in numerous 

regions of the brain.  

 

Figure 4-2 Comparison of somatosensory cortex lower limb connectivity matrices. 

Matrix of the m-type-to-m-type connection probabilities of the somatosensory cortex lower limb circuit according to the Markram et al. [4] (A) and 

WBM1 (B). Absence of connections is shown in white. Red lines separate the excitatory from the inhibitory populations. The connection probabilities 

are normalized according to the size of the postsynaptic population. (A) and (B) use different set of m-types because the labels from Markram et al. 

[4] were recently refined by Kanari et al. [96].  
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4.2 Methods 

4.2.1 Literature based refinement of the local connectivity 

As we discussed in Section 4.1.1, the connectivity in our point neuron brain model is based on the neuron types defined by our Cell 

atlas. The refinements implemented in 0 changes the distribution of excitatory and inhibitory neurons, which in turn will change the 

number of long-range efferent synapses per neuron. Table 4-3 shows the new distribution of neurons in the mouse brain based on 

their type of efferent connections. We can now estimate the mean number of efferent long-range synapses to be 𝑚𝑜𝑢𝑡
𝑙𝑜𝑛𝑔

=  10923 

based on Equation 4-1.  

 Long-range Short-range Both 
Excitatory neurons  12107819 37529948 7972235 
Inhibitory neurons 40143 14054314 0 

Table 4-3: Updated cell atlas neuron counts based on efferent connection types. 

 

We also want to refine the algorithm from Erö [2] to reconstruct local connectivity. For each neuron that creates efferent short-range 

connections, this algorithm randomly selects targets within a sphere surrounding the source neuron. However, some neurons target 

specifically other types of neurons. For instance, the reticular neurons in the thalamus target excitatory neurons from the VPM or 

POM. Similarly, the electrical parameters of these connections are sometimes even more specific. Yet, numerous studies have been 

published on the neuron connection types and parameters. This information was not integrated in the pipeline by Erö. We therefore 

gathered connections and synaptic types from literature through the brain, including isocortex [4], cerebellum [14], and thalamus 

and hippocampus CAs reconstructions from the Blue Brain Project. We extracted from these papers a neuron type to neuron type 

matrix of potential connections, with presynaptic electrical parameters for each connection. These datasets were used as recipes 

during the creation of local connectivity. We used the same spherical kernel to determine potential targets, but we also filtered out 

connections that were not reported by literature. For instance, Chandelier cells create no efferent connection on other inhibitory 

neurons, as reported in Markram et al. [4]. Finally, to each connection type was assigned presynaptic parameters based on the same 

literature sources. 

The connection rules extracted from our review are implicit, which means that sometimes information about the location or the 

types of the neurons was not fully specified. For instance, the rule “PC neurons in any layer of isocortex connects to PC neurons of 

any layer of isocortex with the parameters x” can be applied in each subregion of isocortex, and to any neurons having this m-type 

label, no matter his electrical type. To implement these connectivity rules, we had to resolve them for each neuron and for each 

target neuron that our algorithm found as a potential target. This process is therefore very slow. We could also pre-compute these 

rules, keeping a list of all potential connections in the brain with their parameters. This technique is however inefficient in terms of 

disk usage and is difficult to maintain. As we will discuss in the following section, we solved this issue by storing these connection 

types and their parameters in a database. 

4.2.2 Create a database of Neuron types  

The pipeline to create the whole mouse brain point neuron model leverages the cell types and connection types coming from litera-

ture. Especially, as we discussed in the previous Section, connection rules from literature are numerous and need to be explicit to 

simplify their integration during the process of local connectivity reconstruction. To store and maintain all this information, we con-

structed a SQL database to store cell types (see database schema on Figure 4-3A), connection types and their point neuron parame-

ters. In this database, a neuron instance has 3 main properties (SQL table neurons): 

1. a brain region as defined in the AV,  

2. a cell type which here represents a general label used to define the neuron in literature 

3. an electrical type (e-type) that defines the electrical behavior of the neuron.  

Each e-type can be represented with a point neuron model with a set of parameters. There are many point-neuron models capable 

of representing each e-type, and each has its own set of variables and constraints. To simplify the integration of distinct types of 

point-neuron models, the table storing each point-neuron model electrical parameters (SQL table neuron_models_params) was sep-

arated from the neuron instance (SQL table neuron_instances_constants). This implementation of the database also allows for the 

integration of distribution of parameters and keeps track of their units (respectively SQL table distributions and units). We used this 
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database to store the distribution of neurons collected from literature [4], [14], [19]. We leveraged this database during the process 

of assigning me-types and their point-neuron parameters to the neurons of the WBM.  

 

Figure 4-3: Database schema for a point-neuron network database. 

(A) SQL schema of the database used in our pipeline to store neuron types, connection types and their parameters. SQL tables are represented with 

boxes with each of their parameters listed below. Primary key parameters are annotated with a key symbol. The tables are connected with foreign 

key constraints represented as colored lines linking the boxes.  

(B) Example of a SQL query to extract the synaptic parameters for every neuron of the mouse brain. The query is composed of three subqueries as 

indicated by the color bars. The first subquery (green) extracts the presynaptic neurons. Next, the postsynaptic neurons are queried (blue). Finally, 

the parameters for the Tsodyks-Markram synapse model are selected, in accordance with the pre- and postsynaptic neuron types (orange). 

 

We also leverage this database to store the connection types and their electrical parameters. A connection (SQL table connections) 

links a source and a target neuron type together with a synapse type (S-type). Each S-type can be represented with a presynaptic 

synapse model with a set of parameters. As for the neuron instances, we allow for the integration of multiple synapse models.  

We used this part of the database to store the connection rules described in the previous Section. To do so, we had to make these 

rules explicit by fetching every neuron type matching the description of the connection rule. However, the great number of brain 

regions, neuron type and electrical type can make the number of potential connections very big. In particular, the isocortex has 82 

different me-types of neurons, which are distributed in 426 leaf regions of the brain. Even taking into account their layer distribution, 

if all these neurons could connect to any other neuron of the isocortex, the database would have to store 218440 ≈ 9.84·1021 entries. 

Most of these entries cannot appear in the brain due to the distance between brain regions. For instance, no short connections can 

be made between the Frontal cortex and the Visual areas. For each isocortex subregion, we therefore computed a list of potential 

target regions within the local connectivity distance range. To do so, we reused the shading algorithm used for orientation computa-

tion (see Section 2.2.4), to extract all voxels surrounding the source region and within the radius of the sphere kernel used for local 

connectivity. This limited the list of potential target regions for each source region and in terms the total number of entries in the 

database. This part of the database was leveraged during the creation of local connectivity in the brain to implement results from 

literature.  
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4.3 Results 

4.3.1 Refinement of the cell-to-cell connectivity matrix of the whole mouse brain  

We have defined a new method to refine the cell-to-cell connectivity matrix in certain regions of the mouse brain based on literature 

findings. This method leverages a new database that stores cell and connection types as well as their electrical parameters. 

Sup. Figure 10 shows the new connectivity matrix of the whole mouse brain. The connectivity matrix was impacted by the changes 

in the neuron composition of the brain that we presented in Chapter 3. To analyze the impact of our method on connectivity, we will 

focus on the isocortex and more specifically on the somatosensory cortex lower limb (SSCtx-LL). The m-type-to-m-type connectivity 

matrix of the SSCtx-LL is shown in Figure 4-4. We note that the connections from Chandelier cells are no more targeting the inhibitory 

neuron population, indicating that our recipe-based connectivity algorithm is working properly. Compared to our previous version of 

the connectivity, we observe no noticeable difference in the connection probabilities linked to the inhibitory neuron types. However, 

the efferent connections of the excitatory population are more evenly distributed which is the result of the new distribution of neuron 

types in the brain (see Figure 3-9C). Our local connectivity algorithm indeed randomly samples neurons in the vicinity of the source 

neurons to create connections. This connectivity matrix therefore highlights distribution of neuron m-types in the vicinity of each m-

type. However, the distance that defines the vicinity of a cell might not be adapted when we compare our connectivity matrix to the 

one from Markram et al. [4] (see Figure 4-2A). For instance, the L6 excitatory population seems to send very few axons to the L1 and 

L2. To take this knowledge into account we would need to know the orientation and length of the axon of each m-type in the region.  

 

Figure 4-4: Generated SSCtx-LL connectivity matrices of the refined whole mouse brain model. 

Matrix of the m-type-to-m-type connection probabilities of the somatosensory cortex lower limb circuit according to the WBM2. Absence of connec-

tions is shown in white. Red lines separate the excitatory from the inhibitory populations. The connection probabilities are normalized according to 

the size of the postsynaptic population. 

 

We also analyzed the inter-region connectivity within the isocortex. The short-range connectivity probabilities in-between brain re-

gions are inversely proportional to the distance between these regions and as can be seen on Figure 4-5A, this property is clearly 

visible in the matrix when regions are sorted according to their position along the rostral-caudal axis. We then investigated the con-

tribution of each region in the isocortex based on its long-range connections. This was done by computing the hierarchy index of 
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each region of the isocortex (see Figure 4-5B). The hierarchy index of a region corresponds to the ratio of the number of the region 

efferent synapses over the number of the region afferent synapses, normalized between -1 and 1. This metric is useful to order 

regions according to the ratio of information these regions send or receive. For the regions of the isocortex in the WBM2, the soma-

tosensory and visual areas tend to send more information than they receive from the other cortical areas. Conversely, the frontal 

regions of the isocortex, including the motor areas and orbital areas, receive more information than they send to the other cortical 

areas. This agrees with literature findings on cortical connectivity [30]. The hierarchy index metric can also be applied at the whole 

brain level, as can be seen in see Figure 4-5C. This analysis tends to create two groups of regions based on their hierarchy level. On 

one side, the cerebellar cortex, the cerebral nuclei (striatum and pallidum) and the hindbrain are receptacle regions which means 

they tend to condense the information gathered from many sources and then send it to a small list of targets. In the case of the 

cerebellar cortex, its classification as a receiving region might be linked to its insufficient coverage by the AAV experiments of Oh et 

al. [29]. On the other side, the other regions of the brain appear to send more information than they are receiving. In the case of the 

Thalamus, this region is known to distribute somatosensory information to the isocortex, which means that each long-range efferent 

connection of the Thalamus reaches thousands of neurons in the cortex. 

 

Figure 4-5: Analyses of the generated cortical connectivity within the whole mouse brain model. 

(A) Matrix of the region-to-region connection probabilities of the Isocortex. Absence of connections are shown in white. The connection probabilities 

are normalized according to the size of the postsynaptic population. Regions are ordered according to their mean sagittal position. Acronyms corre-

spond to the AV naming convention [34] (see Sup. Table 1). 

(B) Hierarchy index of the subregions of the brain (top) and of the subregions of the isocortex (bottom). 

4.3.2 A new database to store point-neuron electrical parameters 

We have created an SQL database to store information about the local composition of the brain region in terms of cell types, but also 

the electrical parameters of these cell types which are associated with a point neuron model. We were also able to integrate prop-

erties of different connection types and their synaptic parameters. This new database is used in the whole brain model workflow to 

refine the cell types of the cell atlas with me-types distributions from the literature (step 5 of Figure 1-1, see also Section 3.2.8). 

Connection types can also be assigned to the short-range connections obtained from our algorithm whenever a literature source is 

available (step 7 of Figure 1-1, see also Section 4.2.1).  

This database can store the information about the different types of neurons and synapses and their parameters, which makes it 

very useful to build any kind of point-neuron network, from various species. For instance, we were able to store the parameters of 

the Potjans and Diesmann network [97] in our database and rebuild it. We managed to reproduce Figure 6 from Potjans and Diesmann 

(see Figure 4-6). Our database could therefore also be used more generally by the scientific community to store point-network pa-

rameters and replicate experiments performed on point-neuron networks.  
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Figure 4-6: Simulated spontaneous cell-type specific activity.  

Results of network activity reproduced from the work of Potjans and Diesmann [97]. 

(A) Raster plot of spiking activity recorded for 400 ms of biological time of layers 2/3, 4, 5, and 6. Their excitatory (_e) and inhibitory (_i) populations 

are separated by red lines.  

(B–C) Statistics of the spiking activity of all 8 populations in the network based on 1000 spike trains recorded for 60 s.  

(B) Boxplot of single unit firing rates. Crosses show outliers, orange lines indicate the mean firing rate of the population.  

(C) Irregularity of single-unit spike trains quantified by the coefficient of variation of the interspike intervals.  

 

However, as can be seen in Figure 4-3A, the database has a complex structure which makes it difficult to construct SQL requests. For 

instance, using this architecture the SQL request to fetch the synaptic parameters of the Tsodyks-Markram synapses between any 

neuron of the mouse brain is shown in Figure 4-3B. This complexity can prevent the diffusion of this database to the community. We 

therefore implemented a python interface which simplifies the SQL request creation for fetching or storing information in the data-

base.  
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4.4 Discussion 

4.4.1 Impact of the new cell atlas on the whole brain connectivity matrix 

The changes of method introduced in Chapter 3 produced a new version of the cell atlas (BBCAv2) which contains overall more 

inhibitory neurons (see Figure 3-7 and Table 3-3) compared to our previous version. This translates in our connectivity matrix with 

more local inhibitory connections (+18% see Table 4-1 and Table 4-3). We can predict that this change will induce a stronger and 

faster inhibition of any strong activity in the brain in simulations of the resulting point neuron network. In the isocortex, the new 

distribution of me-types obtained with Roussel et al.’s pipeline [63] (see Section 3.3.4) distributes more evenly the m-types than the 

original distribution from Markram et al. [4]. In our connectivity matrix, this translates in the afferent connections of each m-type to 

also be more evenly distributed (comparing Figure 4-2B and Figure 4-4). Note that our analyses were conducted on a single instance 

of a scaled version of the SSCtx-LL for both versions of the whole brain model (1% of the neurons and 1% of its synapses) and that 

the local connections with the surrounding cortical regions are not considered. More the local connections are chosen randomly in a 

sphere surrounding the source neuron. These two properties explain why some a of the neuron types have few connections with the 

rest of the circuit. Further statistics on the counts of connections should therefore be conducted with a full scaled version of the 

whole brain model.  

4.4.2 Cell-type recipe-based connectome of the brain 

We introduced connection types in our whole brain model, that we linked to electrical parameters gathered from the literature. This 

connection types were associated with a source and a target neuron type that were assigned to neurons of our cell atlas. This method 

is a clear improvement from our previous version of the whole brain model and facilitate the integration of literature findings on 

regional connectivity. We could indeed implement connectivity rules that prevent some connections to be created in our model. For 

instance, we forced local connections from cortical neuron to be limited to target only subregions of the isocortex. This method could 

be extended to integrate long-range connectivity rules from literature. For instance, the medium spiny neurons of the striatum can 

be categorized in two types, each of which target its specific region of the brain: the globus pallidus externa or the substantia nigra 

reticulata [19]. However, literature findings might contradict the rAAV tracer injections used to create the long-range connectivity. 

Additionally, connectivity rules from the literature are very specific since they require the identification of the neuron types and a 

close inspection of their synapses. That is why, long range connectivity rules from literature are very sparse and usually do not cover 

the full population of neurons present in the region of interest. Our connectivity algorithm also does not consider distance- or type-

based connection probabilities or counts. For instance, globular bushy cells of the cochlear nucleus create a single synapse to neurons 

of the medial nucleus of the trapezoid body called the calyx of Held [98]. This integration of these properties should be the subject 

of a future version of our connectivity atlas.  

To improve our local connectivity, we can also consider neuron orientations and morphology properties. For instance, most cortical 

neurons orient their dendrites to the upper layer of the cortex and send their axon to deeper layers of the cortex. Based on this 

information and the soma locations of each neuron in the cortex, we could therefore limit the efferent connections of a source 

neuron to certain parts of its surroundings. This technique has been implemented in Reimann et al. [99] using neuron average mor-

phologies and the authors have proven this method to be able to reduce drastically the number of potential connections in a recon-

struction of a column of the rat cortex. However, if morphologies are provided for a portion of the mouse brain, it might be preferable 

to fully reconstruct the local connectome using our cell atlas model and the method presented in Markram et al. [4]. Once the detailed 

circuit have been reconstructed, we can use simplification methods, such as Rössert et al.’s [100], to capture the connectome and its 

electrical properties from the detailed circuit and convert it back into a point-neuron network.  

4.4.3 Storing connectivity rules and electrical parameters into a database 

We have constructed a database to store electrical parameters and properties linked to neuron types and their connections, based 

on literature findings. This includes distribution of neuron types as well as point-neuron model parameters, and synapse model pa-

rameters. With this database we could store almost all relevant data used to build any point-neuron network from the literature. As 

we discussed in the previous Section, at the moment, we are not integrating connection probabilities, but this could be done in a 

future version of our model. We also created a python interface to facilitate the creation of SQL queries to fetch and add data to the 

database. We want here to make this tool available to the neuroscience community to facilitate the access and integration of data 

on neuronal connectivity. The database can further be extended to integrate neuron or synaptic properties that we are not consid-

ering in our whole mouse brain modeling effort. 
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We leverage this database in our pipeline to build the whole mouse brain model to refine the neuron type and their point neuron 

parameters in regions covered by literature. Similarly, we assigned connection types and synaptic properties to the short-range con-

nections obtained through our method. To do so, we transform each connectivity rule from the literature into a list of potential 

connection types in the brain. When building the local connectivity in the mouse brain, we can directly use this list without having to 

resolve each connectivity rule again. This solution implies however to save each potential connection of the brain, which means 

potentially to save any pair of neuron instances in the brain. While most of these connections are not biologically possible, the total 

number of potential connections might be substantial. For instance, our database stores thousands of cortical connection types but 

these do not include the long-range connection types linking these regions together. By combination, the size of the database scales 

rapidly with the introduction of any new brain region, any neuron type, or any electrical type. This in turns increase the size of the 

database disk usage but also the time to process SQL requests on the connections. A solution will be to decompose the database into 

smaller files based for instance on brain regions group.
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 Simulation of the whole mouse 

brain model 

5.1 Introduction 

The whole- mouse brain (WMB) model is a point neuron network that can be simulated to replicate biological experiments. Results 

of these simulations will also be used as benchmarks to drive new requirements to our pipeline in a cycle of generations/refinements.  

Erö was able to perform a whole brain simulation of the resulting point-neuron model using the NEST simulator [2]. We will also use 

NEST for its capacity to scale with the size of the network to simulate and the available computational resources [101], and its wide 

range of point neuron models already implemented.  

For our benchmark purposes, we will focus on the somatosensory cortex, lower limb (SSCTx-LL) for which we have simulation results 

from Markram et al. [4] on the rat. We will perform three types of simulation of this region:  

• The first experiment will study the SSCTx-LL isolated from the rest of the brain. Here, each neuron will be stimulated by 

independent Poisson process generators. The purpose of this simulation is to measure the activity of the SSCTx-LL at a 

resting state, over a prolonged period. We want indeed to perform statistical analyses on the spiking activity of each neuron 

population, which require a long period of stable activity.  

• The second experiment will focus on activity triggered by the Thalamus VPM which is one of the major external inputs of 

this region [4] (see Sup. Figure 8A). Here we would like to test the capacity of our model to reproduce findings from the 

literature on Somatosensory cortex activity when the equilibrium of the steady state activity is disrupted [4], [102].  

• Finally, we will analyze the activity of the somatosensory cortex in the context of a whole brain, to see how the activity 

propagates to other regions and how the activity of other regions impacts the somatosensory cortex.  

We obtained a new version of the point-neuron whole mouse brain model with the refinement of the cell types as described in 0, as 

well as the local connectivity refinements of Chapter 4. We will benchmark this new version using the same experiments described 

previously.  

As described in Erö [2], the full-scale version of the WMB model requires a lot of disk space, as the synaptic parameters alone take 

up more than 10Tb. Furthermore, for any simulation of the model, the time to simulate the network and the size of data generated 

will scale with its duration. While Erö [2] was able to generate and simulate a full-scale version of the WMB model, this simulation 

requires too many resources to be performed for benchmarking purposes. However, we should keep in mind that the dynamics of a 

scaled version of the network might be different from its full-scale counterpart.  

5.2 Methods 

5.2.1 Point neuron network parameters 

5.2.1.1 Point neuron model 

We choose the Adaptive exponential leak integrate and fire model [103] to simulate point neuron soma activity. This model of point 

neuron was chosen, as its soma membrane potential equations include adaptation and dynamic spike threshold dynamics and the 

paper from Naud et al. [104] provides a full set of parameters for major electrical types of the brain. In absence of an electrical type 

defined by regional literature distribution (see Section 3.2.8), we chose the continuous accommodating (cAC) electrical type for ex-

citatory neurons and the continuous non-accommodating (cNAC) electrical type for inhibitory neurons. 

 
𝐶

𝑑𝑉

𝑑𝑡
= −𝑔𝐿 (𝑉 − 𝐸𝐿) +  𝑔𝐿 ⋅ ∆𝑇 ⋅ exp (

𝑉 − 𝑉𝑇

∆𝑇
) − 𝑔𝑒 ⋅ (𝑉 − 𝐸𝑒) − 𝑔𝑖 ⋅ (𝑉 − 𝐸𝑖) − 𝑤 

 

Equation 5-1 
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𝜏𝑤

𝑑𝑤

𝑑𝑡
= 𝑎 ⋅ (𝑉 − 𝐸𝐿) − 𝑤       𝑎𝑛𝑑 𝑎𝑓𝑡𝑒𝑟 𝑎 𝑠𝑝𝑖𝑘𝑒, 𝑤 = 𝑤 + 𝑏 

Equation 5-2 

 

Where V is the membrane potential, C is the membrane capacitance, gL is the leak conductance, ge and gi are the excitatory and 

inhibitory conductance and EL is the leak reversal potential. The slope factor ΔT is used to drive higher the membrane potential above 

a spiking threshold VT to trigger spikes. The adaptation current w is triggered by spikes, incremented by the parameter b, and decaying 

exponentially with the subthreshold parameter a and time constant tw.  

5.2.1.2 Synapse model 

For the synapses, we chose the deterministic Tsodyks-Markram model [105] (implemented in NEST), as this model can capture short-

term synaptic dynamics which play a significant role to regulate brain activity. The presynaptic types were set to the excitatory and 

inhibitory depressing synapse type from Markram et al. [4].  

 𝑑𝑥

𝑑𝑡
=

(1 − 𝑥)

𝜏𝑟𝑒𝑐
− u ⋅ x ⋅ 𝛿(𝑡 − 𝑡𝑠𝑝) 

𝑑𝑢

𝑑𝑡
= −

𝑢

𝜏𝑓𝑎𝑐
+ 𝑢0 ⋅ (1 − 𝑢) ⋅ 𝛿(𝑡 − 𝑡𝑠𝑝) 

Equation 5-3 

Where x is the amount of synaptic resources available for transmission which decrease with each spike time tsp but replenish over 

time with recovery time constant τrec. Facilitation dynamics are defined with the parameter u which increases with every spike, and 

the facilitation time constant τfac. For the postsynaptic parameters, we chose the beta-exponential dynamics to model AMPA/NMDA 

and GABAA/GABAB postsynaptic receptor dynamics. Each receptor has its own set of parameters, as defined in Erö [2]. The delay 

required for a spike to travel from the presynaptic neuron to its postsynaptic target can be processed for long range connections 

based on the distance between the two neurons divided by the speed of propagation of a spike in myelinated axons. The latter has 

been estimated to 840 µm/ms in Erö to match delays of Simmons and Pearlman [106]. The average conductance of the synapses was 

set according to the distributions of Markram et al. [4], i.e., 0.85 ± 0.44 nS for excitatory synapses and 0.84 ± 0.29 nS for inhibitory 

synapses.  

5.2.2 Resting state activity of the SSCtx-LL 

The resting state activity of a brain region is the activity produced by neurons within this region without any external perturbation. 

This activity is usually linked to random spontaneous release of vesicles producing minis, or more generally to small concentration of 

neurotransmitters in the extracellular space. These events are sparse but generate small postsynaptic potentials (PSPs). Usually, they 

can be modeled using random processes on the presynaptic neurons. Our point neuron network uses the deterministic model of 

Tsodyks-Markram [105] to calculate the presynaptic dynamics. We had to represent these events on neurons as random spikes com-

ing from independent Poisson processes. We used the model implemented in NEST, with a low rate of 0.5Hz, and connected each 

process with excitatory synapses (with mean conductance weight). These processes were sufficient to produce stable activity within 

the region. We will study the resting state activity of the SSCtx-LL network with 1% of its neurons and 1% of the synapses. This 

corresponds to a point neuron network with 1907 neurons connected with 110334 synapses for WBM1; 1905 neurons and 110356 

synapses for WBM2. We additionally scaled down the weight of the synaptic connections until the mean firing rate of the neuron 

population (see Equation 5-4) was below 10Hz. This condition guaranteed a stable spiking activity without any burst. The network 

was hence simulated for 10 seconds after a warming up period of 500ms, and spikes of each neuron were recorded for analyses. 

Some neurons did not spike during the simulation. These neurons might be disconnected from the network due to the randomness 

of the neuron and synapse selection due to the scaling. Hence, they were discarded from the neuron pool during analyses.  

First, we measured the firing rate of neurons, which is defined as the expected count of spikes per unit of time. Spikes are discrete 

random events; hence their underlying firing rate cannot be directly measured. We can however estimate it, convoluting the spike 

trains with a kernel function K(t) [107] (see equation Equation 5-4). Here, we used the triangle function as in Nawrot et al. [107] with 

a kernel width σ equal to 50ms. We reconstructed the firing rate Fr for each neuron based on their spike train (t1, t2, …, tn). 

 
𝐹𝑟(𝑡) = ∑ 𝐾(𝑡 − 𝑡𝑖)

𝑛

𝑖=1

 

𝐾(𝑇, 𝜎) =  {
1

6𝜎2 ⋅ (√6𝜎 − |𝑡|)       𝑡 ∈  [−√6𝜎, √6𝜎]

0                                𝑒𝑙𝑠𝑒 

 

Equation 5-4 
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Next, we computed the inter-spikes intervals (ISIs), which is the time between two consecutive spikes from the same neuron (for n 

spikes X = {X1, X2, …, Xn-1}). We can measure the variability of the ISI, computing the square value of their coefficient of variation. As 

the coefficient of variation of the ISI can be affected by the changes of firing rate, we use here the local approximation CV2 as defined 

in Holt et al. [108]: 

 
𝐶𝑉2 =

1

𝑛 − 1
∑  2 ⋅

|𝑋𝑖+1 − 𝑋𝑖|

𝑋𝑖+1 + 𝑋𝑖

𝑛−1

𝑖=1

 

Equation 5-5 

We can then measure the variability of the spike counts N using the Fano Factor (FF) [109], defined as the ratio of the var. This factor 

is usually computed to measure the trial-by-trial variability. We use it here to measure the inter-population variability. 

 
𝐹𝐹 =  

𝑉𝑎𝑟[𝑁]

𝐸[𝑁]
 

Equation 5-6 

Where VAR and E are respectively the variance and mean functions.  

If the activity within the region under this state is equivalent to a renewal process, then the Fano Factor should tend towards the 

CV22 value given enough simulation time.  

 lim
𝑡 ⟶+∞

𝐹𝐹 = 𝐶𝑉22 Equation 5-7 

Spike-triggered adaptation dynamics of the AdEx model (see Equation 5-1) can introduce interval correlations of the spike trains 

[110]. This in turn may alter the Fano Factor. To test this hypothesis, we used Cox and Lewis equation [111] which integrates the 

linear spike interval correlation factors ξj in Equation 5-7 as follows: 

 
lim

𝑡 ⟶+∞
𝐹𝐹(𝑡) = 𝐶𝑉𝑐𝑜𝑟𝑟 = 𝐶𝑉2∞

2 ⋅ (1 + 2 ∑ ξ𝑗

∞

𝑗=1

) 

ξ𝑗 =  
∑ (𝑋𝑖+𝑗 ⋅ 𝑋𝑖) − 𝐸[𝑋]2𝑛−1

𝑖=1

(𝑛 − 2) ⋅ 𝑉𝐴𝑅[𝑋]
 

Equation 5-8 

 

5.2.3 Response to Stimulus in SSCtx-LL 

We will perform an experiment where we stimulate the SSCtx-LL with neurons from the ventral posteromedial nucleus of the thala-

mus (VPM). Using the same configuration as in Section 5.2.2, we are now adding the 915 neurons from the WBM1 thalamus VPM 

(914 neurons for the WBM2) which are represented as Poisson processes. These neurons are all excitatory and connect to the SSCtx-

LL network adding 18486 synapses for WBM1 (128820 synapses in total); in WBM2 the VPM added 15964 synapses for a total of 

126320 synapses. In this experiment, the VPM will send a wave of spikes of frequency 15.3 Hz for 1 s to the cortex and after 500 ms 

of steady state, mimicking the thalamus activity upon the stimulus of the mouse limbs [102]. The network was simulated for 4 seconds 

after 500ms of warm up, and spikes of each neuron were recorded for analyses. 

5.2.4 Whole mouse brain simulation at resting state 

The last experiment that we performed targeted to analyze the activity of the somatosensory cortex in the context of a whole brain. 

Unfortunately, it is difficult to control the overall activity of the brain since we do not know how each subregion contributes to this 

activity. Here again we will use random point processes to induce activity in each region of the brain. A random process producing 

spike events of frequency 0.5 Hz was attached to each neuron in the WBM. The synaptic weights were scaled according to the factor 

found in Section 5.2.2, which was sufficient to produce activity in each of the brain regions. We simulated the WBM network with 

1% of its neurons and 1% of the synapses. This corresponds to a point neuron network with 717599 neurons connected with 

60958986 synapses for WBM1; 717599 neurons and 58112694 synapses for WBM2. The circuit was simulated for 4 seconds after 

500 ms of warm up and the spike events of each neuron were recorded for analyses. 

5.3 Results 

We want to compare the activity of the previous version of the WMB model (WMB1) to the activity of our new version of the network 

(WBM2) with our refined cell atlas and connectivity rules. For each of the experiments presented in Section 5.1, we will therefore 

simulate the two versions using the same simulation parameters to assess their differences.  
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5.3.1 Resting state activity of the somatosensory cortex lower limb 

We simulated the somatosensory cortex lower limb (SSCtx-LL) isolated from the rest of the brain for 10 seconds, stimulated by a low 

background noise activity (see Section 5.2.2). The network in this configuration is spontaneously active and stable. Figure 5-1 shows 

the results of the resting state experiment in the SSCtx-LL for the WBM1 and WBM2. The raster plot activity (see Figure 5-1A) as well 

as the measure of the firing rate (see Figure 5-1B) confirm that the two networks remain in a steady state activity. First, we observe 

that the firing rate activity of the inhibitory population is overall more important in the WBM2 compared to WBM1, and conversely 

the firing rate of the excitatory population is lower in WBM2 than in WBM1. These results were expected since the proportion of 

inhibitory neurons increased in this region with the refinement of the cell atlas (see Section 3.3.4). Second, the distribution of the 

Inter-spike intervals (ISI) (see Figure 5-1C) are close to an exponential decaying distribution. This would indicate that each population 

can be represented as a renewal process. We further investigated the firing rates of each e-type population as their set of electrical 

parameters might result in different activity patterns (see Sup. Figure 6). The difference of the mean firing rate of these populations 

between the two versions of the WBM seems to be also related to the change of proportion of each population. Any change of the 

cell atlas has therefore a noticeable impact on the activity of the resulting whole brain model.  

 

Figure 5-1: Resting state spiking activity comparison in SSCtx-LL between the WBM1 and WBM2. 

Comparison of the spiking activity between the different versions of the whole mouse brain model in a resting state. The WBM1 (in orange) corre-

sponds to the version presented in Erö [2], while the WBM2 (in blue) represents the refined version after the extension to the cell atlas (see Chapter 

30) and the local connectivity refinement of Chapter 4.  

(A) Raster plot of the spiking activity in SSCtx-LL, sorted by layer. Neurons are distributed along the y-axis and each spike time is represented as a 

colored dot along the x-axis. The boundaries between layers are shown on the left. 

(B) Mean instantaneous firing rate of the inhibitory and excitatory populations of the SSCtx-LL over time. 

(C) Inter-spike intervals (ISI) histogram of the inhibitory and excitatory populations of SSCtx-LL in logarithmic scale. 

 

We want to find if the neuronal activity of the SSCtx-LL at resting state can be interpreted as a renewal process. Any deviation from 

this null hypothesis will trigger more analysis. We will test this hypothesis by studying the variability of the spike rate or also called 

firing rate, and the inter-spike intervals. 
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We measured the variability of the ISI distribution (CV22), and the Fano Factor of the spike counts within each population. We then 

plotted the CV22 according to the Fano Factor for each e-type population (see Figure 5-2A). First, we note that the Fano Factors for 

both versions of the model are above 1 which indicates that the activity in each population is more variable than a Poisson distribution 

[112]. 

 

Figure 5-2 Comparison of the variability of the spiking activity of the SSCtx-LL at resting state. 

Comparison of the variability of the spiking activity in the SSCtx-LL at resting state between WBM1 (top row) and WBM2 (bottom row). 

(A) Square value of the coefficient of variation (CV2) of the inter-spike intervals (ISI) as defined in Equation 5-5 over the Fano Factor of the spike 

counts (Equation 5-6), for each e-type population of the SSCtx-LL.  

(B) Corrected coefficient of variation (CVcorr) as defined in Equation 5-8 over the Fano Factor of the spike counts for each e-type population of the 

SSCtx-LL. Points falling on the diagonal correspond to a perfect renewal process. 

(C) Power spectrum of the SSCtx-LL firing rate for the entire population. 

 

We calculated these correlation factors and plotted the Fano Factors (FF) against the corrected coefficient of variation (CVcorr) (see 

Figure 5-2B). Despite the corrections, the FFs are greater than the CVcorr for most of the inhibitory populations for both versions of 

the WBM which indicates that these populations display very irregular spiking activity compared to a Poisson process. In contrast, 

the excitatory population (cADpyr) displays a more regular activity. We note that the Fano factors of most of the inhibitory popula-

tions are greater in WBM2 compared to WBM1. This can again be explained by the larger proportion of these populations in the new 

version of the network. 

We conclude that the SSCtx activity at resting state cannot be considered as a renewal process for any of its e-type population. This 

indicates the spike times of different neurons of the SSCtx-LL correlates. The spike correlations can be linked to periodic changes in 

firing rates. We can detect these oscillations, performing a spectral analysis of the firing rate of the population (see Figure 5-2C). To 

this end, we used the Fast Fourier Transformation on the mean SSCtx-LL firing rate (see Equation 5-4). This representation highlights 

low frequency oscillations in the SSCtx-LL firing rates which translate to waves of period 900 ms for WBM1 and 1666 ms for WBM2. 

These synchronized oscillations are also found in the mouse cortex in quiet states in vivo and in vitro [113]. During this state, the 

cortical neurons alternate in synchrony between periods of inactivity (UP state) and depolarizing periods (DOWN states). These os-

cillations might be the result of the balancing of activity between excitatory and inhibitory neurons. It has also been found that these 

oscillations might be related to the activity in other regions of the brain such as the Thalamus which is one of the major input con-

tributors to the Cortex, as can also be seen in our model (see Sup. Figure 8A). 

This simulation shows that the WBM in this configuration can replicate the activity of the SSCtx-LL in a quiet state.  
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5.3.2 Activity of the somatosensory cortex lower limb stimulated by the thalamus 

In this section, we present the results of the simulation of the SSCtx-LL isolated from the rest of the brain for 4 seconds, stimulated 

by the ventral posteromedial nucleus of the thalamus (VPM) (see Section 5.2.2). These are shown in Figure 5-3. We observe in both 

networks an increase in spiking activity shortly following the stimulus of VPM. This activity consists, in both cases, of a first peak of 

activity 250 ms after the start of the stimulus. The activity will decrease to a stable state and remain in this state while the stimulus 

remains active. After the end of the stimulus, the firing rate activity returns to its resting state activity. 500 ms oscillations in firing 

rates of the excitatory population appeared in WBM1 once the network reached its resting state. In the case of the WBM1, the major 

change of activity was observed in the excitatory population which raised its firing rate to 10Hz, while in WBM2 this change was 

mostly suppressed by the inhibitory population. The inhibitory neuron population in the WBM2 takes a more important proportion 

of the neuron population than the WBM1 which explains this result.  

 

Figure 5-3: Comparison of the spiking activity of the SSCtx-LL stimulated by the VPM between the WBM1 and WBM2. 

Comparison of the spiking activity of the somatosensory cortex lower limb (SSCtx-LL) between the two versions of the whole mouse brain model. In 

both cases, the network was stimulated by Poisson spikes mimicking the activity of the ventral posteromedial nucleus of the thalamus (VPM). Stimu-

lation started at 500ms and ceased at 1500 ms. As before, WBM1 (in orange) corresponds to the version presented in Erö [2], while WBM2 (in blue) 

corresponds to our updated version of the network. 

(A) Raster plot of the spiking activity in SSCtx-LL, sorted by layer. Neurons are distributed along the y-axis and each spike time is represented as a 

colored dot along the x-axis. The boundaries between layers are shown on the left.  

(B) Mean instantaneous firing rate of the inhibitory and excitatory populations of the SSCtx-LL over time. The influence of the stimulation can be seen 

in both cases. 

 

As in the resting state experiment, the network in this configuration produces spontaneous activity which reaches a stable state after 

a brief period of time. The perturbation introduced by the VPM is not sufficient to change its state. In the case of WBM2, the increase 

of the inhibitory population proportion, accentuated by a reduction of excitatory synapses coming from the VPM, have also signifi-

cantly reduced the effect of the perturbation which means that the network is more resilient to noise. The response firing rate to the 

stimulus is also low compared to in vivo studies on rodents [4] but the delay of the response of the network seems to correspond to 

literature findings. These results might indicate that the weight of the connections between the VPM and the SSCtx-LL are too low or 

target the wrong population of neurons. We further investigated the density profile of the synapse counts from VPM to the SSCtx-LL 

(see Figure 5-4). Both in WBM1 and WBM2, we see that the projection primarily targets the layer 5 and layer 6 of the cortex which 

explain the strong reaction of these populations to the stimulus (see Figure 5-3A). However, these results do not perfectly match the 

density of bouton in the rat SSCtx-LL as measured by Meyer et al. [114]. The authors have shown that the Thalamus VPM targets 
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primarily the L3, L4 and to a lesser extent the L5b and L6. If the findings from Meyer et al. were to be confirmed in mice, we would 

have to integrate this connection probability rule in our connectivity recipe algorithm. 

 

Figure 5-4: Efferent synapses of the thalamus VPM targeting the SSCtx-LL, sorted by postsynaptic m-type. 

Distribution of the synapses between the thalamus VPM as source and the SSCtx-LL as target for each whole brain model version. The counts are 

sorted by layers and m-types. 

 

5.3.3 Whole mouse brain activity  

In this section, we present the results of the simulation of the whole mouse brain model for 4 seconds where each neuron was 

stimulated with a low frequency Poisson point process. The results of the simulation are shown in Figure 5-5 and Figure 5-6. We 

observe that the spiking activity of the different regions synchronize after the warmup of 500 ms period. The network in this config-

uration produces stable waves of activity of 800ms period for the WBM1 and 550ms for the WBM2. The spiking activity of each 

version seems to be mostly driven by the inhibitory neuron population (see Sup. Figure 7) whose firing rate is an order of magnitude 

larger than that of the excitatory population. This population in this network limits the activity of the excitatory population which can 

explain the oscillatory patterns. The oscillations of the network might also highlight, as pointed out by Erö [2], the role of adaptation 

to regulate the activity in the brain. Here, the short-term presynaptic dynamics and neuron adaptation of the network prevent self-

sustained high activity in the network. In the case of WBM2, the activity is not entirely suppressed by adaptation and some regions 

remain highly active even in between wave peaks. This includes the cerebral nuclei (striatum and pallidum), the dorsal part of the 

midbrain, the frontal part of the isocortex, the ventral part of the thalamus (sensory-motor cortex related), etc. The change of pro-

portion of inhibitory neurons in the network, due to the refinement of the cell atlas (see 0), plays a role here as the inhibitory neuron 

models are less affected by adaptation.  
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Figure 5-5: Propagation of spiking activity in the whole mouse brain model. 

Spatial raster plots of the WBM2 spiking activity stimulated with a low frequency Poisson process, in coronal (A), sagittal (B) and axial (C) views at 

different points in time. Each neuron’ spike is represented as a dot colorized according to the neuron brain region, as defined by the AIBS.  

 

The change of activity in the olfactory areas is also most probably linked to the changes of the cell atlas as this region has seen its 

population of inhibitory neurons increase by more than 40%. In both versions, the activity of the cerebellum (cerebellar cortex and 

cerebellar nuclei) remains relatively constant throughout the simulation and despite the peaks of activity in the other regions. This 

region is quite isolated from the rest of the brain as is shown in Sup. Figure 10, which explains why its activity does not follow the 

drastic changes of the rest of the brain. On top of the changes of the cell atlas which increased the number of inhibitory neurons in 

the cerebellar cortex mostly, the change of the connectivity implemented in Chapter 4 within the cerebellum might play a role in the 

increase of firing rate observed in this region. 

From Figure 5-5, we can also see how the wave of activity spreads in the WBM2. It is difficult to estimate from which brain region 

the wave activity takes its origin, but it seems to spread from the regions that remain highly active during the entire simulation (see 

also Sup. Figure 7D). Then, the activity propagates from the front of the brain towards its caudal regions. Finally, the wave activity 

reaches the hippocampal formation and the olfactory areas. 
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Figure 5-6: Firing rate comparison for the different brain regions of the whole brain model. 

Mean instantaneous firing rate of the different brain regions of the whole mouse brain model when stimulated by a 0.5 Hz Poisson point process 

(see Section 5.3.3). 
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5.4 Discussion 

5.4.1 Point-neuron network parameters 

Our whole mouse brain point-neuron network (WBM) is based on our cell atlas and connectivity atlas described in respectively Chap-

ter 3 and Chapter 4. The neuron type distributions are mostly based on the cell atlas and is refined in some regions with findings of 

literature. The electrical properties assigned to each neuron electrical type (e-type) is based on the database we presented in Chapter 

4. To most of the e-types stored in our database were assigned the point neuron parameters from Naud et al. paper [104], which are 

chosen to produce the most common behavior of the neurons in the isocortex. Similarly for each synaptic type (Stype) assigned to a 

connection of our model is associated parameters from Markram et al. [4]. These parameters might be not adapted to certain neuron 

types or certain regions of the brain.  

If detailed morphologic mouse brain tissue reconstructions are available in literature, we can use simplification methods, such as the 

Rössert et al.’s [100], to convert them into point-neuron networks which will capture the most of the dynamics of their original circuit. 

Another solution is to co-simulate the detailed circuit embedded into our scaffold whole brain point-neuron network. While this 

solution guarantees the best version of the whole mouse brain model, it will be more difficult to simulate efficiently as most neuronal 

circuit simulators are designed to simulate either detailed circuit with reconstructed morphologies (e.g., the NEURON simulator [115]) 

or point-neuron network (e.g., the NEST simulator [101]). 

Different point-neuron models exhibit different dynamics in simulation, such as adaptation and dynamic or random spiking threshold. 

However, these dynamics require parameters which might not be available (e.g., adaptation parameters for the granule cells of the 

cerebellar cortex). On the other hand, certain properties from the literature might be difficult to integrate because they do not easily 

translate into point-neuron model’s parameters. Future versions of the model might therefore replace the AdEx model assigned to 

certain neurons with a more advanced or simpler point neuron models to be able to integrate dynamics found in literature. 

Our model implements short-term presynaptic dynamics from the Tsodyks-Markram model [105] which is sufficient to describe the 

activity of our connections in our simulations since our longest simulations lasted tens of seconds. If longer simulations of the models 

should be considered, long-term synaptic dynamics, such as long-term potentiation and long-term depression, might be required to 

replicate literature findings in simulation. These effects are triggered by a cascade of reactions at specific ion channels. They are 

therefore very specific and complex which might be difficult to capture as synaptic parameters in our model. 

5.4.2 Simulations of the point-neuron mouse brain model 

5.4.2.1 Simulation of the somatosensory cortex lower limb 

We simulated the somatosensory cortex lower limb (SSCtx-LL) of WBM first at resting state (see Section 5.3.1), and then stimulated 

by the ventral posteromedial nucleus of the thalamus (VPM - see Section 5.3.2). In both experiments, the SSCtx-LL was stimulated 

with a low background noise to mimic random spike input from the rest of the brain and spontaneous vesicle releases. We used the 

first experiment as a reference to scale the weight of the synapses of our model. This step was necessary as we simulated a scaled 

version of the point-neuron network (1% of the neurons and 1% of the synapses) which means that the parameters we assigned to 

the whole version might not be adapted to the scaled version. We decided to scale only the synaptic weight and determine its new 

value when the firing rate of each neuron population of the SSCtx-LL was below 10Hz to correspond to findings of Markram et al. [4]. 

For future simulations, we could however perform a more thorough exploration of different values to scale our point-neuron network 

parameters to see how they create different spiking regimes in simulation.  

With this set of parameters, our model produced a stable spiking activity with low frequency waves of activity (~1Hz). This state 

corresponds to the cortical activity observed on resting mice [102]. We notice, however, that the spiking activity of a portion of the 

L5 neuron population seems to be highly correlated with itself in both WBM1 and WBM2 (see Figure 5-1A). This might indicate that 

some neurons in this population are highly interconnected and therefore their spikes synchronize. When the SSCtx-LL network is then 

stimulated by the VPM, we observe that populations of the L5 and L6 layers see their activity raise (see Figure 5-3). These layers 

correspond to the targets of the VPM synapses. This increase of activity seems however to be restricted to the direct targets of the 

VPM (see Figure 5-4). These target neurons include inhibitory neurons which might quickly suppress the spreading of the stimulus to 

the other layer. It might also be that the scaling of the weights and number of connections was too strong to allow the transmission 

of spikes between neurons of the network. We also observe that the peak of spiking activity which was mostly due to the excitatory 

population in the WBM1 is now produced by the inhibitory population in the WBM2 (see Figure 5-3----B), indicating once again that 

the changes of the cell atlas (see Chapter 3) have a strong impact on the spiking activity of the resulting point-neuron network.  



Simulation of the whole mouse brain model 

83 

5.4.2.2 Simulation of the whole mouse brain 

In our whole brain simulation, we used the same configuration as for our resting state simulation of the SSCtx-LL, stimulating each 

neuron with a low background noise (see Section 5.3.3). We observe that the spiking activity synchronize rapidly across the whole 

brain (see Figure 5-6). This creates an epileptic regime in the whole brain. Between WBM1 and WBM2, we observe that the size and 

period of the oscillations have been halved in almost all brain regions. We also see in the periods in between peaks of spiking activity, 

that WBM2 shows a higher firing rate compared to the WBM2. This means that a portion of the brain remains active continuously 

during the whole simulation. The Sup. Figure 7-AB shows clearly that the inhibitory population of the WBM2’s minimum firing rate is 

around 20Hz and while the firing rate of the excitatory population, at the same time, is around 1Hz. Hence, a part of the inhibitory 

population of the WBM2 seems to be continuously active during the simulation, which might be the result of their stimulation by the 

background noise.  

It is difficult to find the origin of a spread of spiking activity observed in the whole brain but with a spatial representation (see Figure 

5-5), we can try to locate it. We can see that the cerebellar cortex remains active during the whole simulation. However, as we can 

see in Figure 5-6, the mean firing rate in this region is relatively constant during the simulation. The great number of neurons in this 

region might explain why this region seem to be constantly active in Figure 5-5. Next, the striatum is a region containing a great 

proportion of inhibitory neurons (see Figure 3-7 and Table 3-3) and might not be directly responsible for the increase in the spiking 

activity in the whole brain. As we pointed out previously, this region might be overstimulated by the background noise or the sur-

rounding regions and participate to maintain a high firing rate even between peaks. On the other hand, the thalamus contains mostly 

excitatory neurons (see Figure 3-7 and Table 3-3). The region also sends axons to many regions of the brain (see Sup. Figure 10 

andFigure 4-5), and it seems to remain active even in between peaks of firing rate (see Figure 5-5) due the background noise. All 

these elements would indicate that high firing rates in the thalamus spread to the rest of the brain. Whatever the exact reasons for 

the oscillatory activity are, our anecdotal experiments clearly show that our method to stimulate the current whole-brain model is 

not yet accurate enough to reproduce the resting state activity of the whole mouse brain. Future experiments on the point-neuron 

model should focus on improving the stimulation of its neurons based on some experimental findings, such as resting state activity 

observed in brain regions. 
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 Discussion 
The goal of this work was to establish a data-driven pipeline to generate, simulate and validate point neuron networks of the whole 

mouse brain. Rather than targeting a particular property or behavior for our model, we want here to build a workflow that is based 

on clear assumptions and methods that allows the integration of a wide variety of data and literature findings into a coherent frame-

work. We want our model to be used as a basis or scaffold to build more detailed circuit models or to provide a more realistic activity 

context to region models than the commonly used Poisson noise. The point neuron whole mouse brain model pipeline is a data-

driven iterative workflow. It is meant to be regularly updated integrating more literature data, refining the assumptions made on the 

mouse brain and improving the methods used to build the model. The work presented here is the first major update to the model 

published by  Erö [2] who has pioneered a first version of the pipeline to generate whole mouse brain models. In my thesis, I contrib-

uted several important improvements:  

1. Methods to quantify and correct artifacts in the Nissl image stacks, yielding not only improved reference volumes, but also 

more accurate cell density estimations 

2. A method to produce annotation volumes that combine the best features of the AV2 and AV3 from the AIBS. 

3. Methods to determine the best set of Annotation and Nissl volume for the purpose of cell density estimation. 

4. Methods to improve the orientation fields of brain regions in the brain computed from the AV.  

5. Methods to integrate and consolidate a wide variety of literature data 

6. All these improvements yield a greatly improved Cell Atlas that distinguishes many more inhibitory cell types than the first 

version. 

7. Refinements to the micro- and mesoscale connectivity and a flexible database model for connectivity data. 

6.1 Work achieved 

6.1.1 Analyses and corrections of the reference atlases 

The reference atlases consist of a pair of volumetric datasets (Nissl + Annotation volume) from the Allen Institute for Brain Science 

(AIBS). These datasets create a common coordinate framework (CCF) on which we build our point neuron whole brain model. We 

analyzed the different versions of the reference atlases released by the AIBS and created tools to detect and potentially correct the 

artifacts in these datasets.  

For example, the Nissl volume from Dong [7] that is used in our pipeline to estimate cell densities shows artifacts such as holes, tears 

and over- or under-exposure. We described methods that mitigate most of these artifacts and that could be potentially applied to 

the isocortex. However, most correction methods also reduce local detail as they spatially smoothen the data. These tools are indeed 

based on the assumption of a certain homogeneity of Nissl expression within certain regions of the brain, but this assumption might 

not be valid in regions with large local differences in cell density, such as the Hippocampus CAs regions [43]. Future refinements of 

the Nissl volume will involve the integration of additional slice images of Nissl experiments available on the AIBS [21]. These images 

will provide an alternative reference on the intensity of certain slices of the Nissl volume, which can therefore be used to correct 

artifacts in the original Nissl volume. These images can be realigned to the Nissl volume using Krepl et al.’s pipeline [36]. 

The second reference atlas is an annotation volume (AV) that assigns a region to each voxel of the brain. This dataset is widely used 

by the neuroscience community to register experimental results in the mouse brain. However, multiple instances of these AVs exist 

to this date; each with its own advantages and disadvantages. In short, while older versions of the dataset (AV2, AVbbp) have more 

jagged edges along the rostral-caudal axis, the newest version (AV3) is smooth, but lacks important brain regions that were still 

present in previous versions. To obtain a version of the AV that is the best compromise, we re-aligned AV2 to AV3. Our algorithm 

uses ANTs tools [35] to realign the borders of each region of the brain individually, traversing the AIBS brain region hierarchy from 

the top-level regions to the leaf regions. This algorithm requires that reference and target AV have the same region hierarchy that is 

arranged in the same way. We therefore produced a merged version of AV2 and AV3 that uses the same set of region ids. However, 

some regions such as the hindbrain are so different between AV2 and AV3 that their realignment is still difficult for our algorithm. 
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Our future work on the annotation volumes will therefore involve the refinement of the merged AVs to simplify the task of realigning 

AV2 to AV3. We will also test smoothing algorithms such as the one proposed by Young et al. [45]. 

We also demonstrated that the alignment of the two reference atlases correlates with the quality of our estimates of cell densities 

in the mouse brain. Unfortunately, we noticed that this alignment is currently imperfect for each pair of reference atlas available. 

We proposed tools to compare the different versions and found that the best pair currently available for cell density estimation is 

the CCFbbp from Erö et al. [8]. The realignment of the Nissl volume to the Annotation volume is difficult as sometimes the boundaries 

between regions cannot be distinguished solely based on the Nissl volume. However, the boundaries between regions with a signifi-

cant difference of cell densities can be easily determined on the Nissl volume (e.g., L1/L2 in isocortex and molecular/granular layers 

in the cerebellar cortex). We therefore plan to implement an algorithm to redraw the boundaries between these regions based on 

the Nissl volume.  

We finally proposed an improved version of the orientation field algorithm developed by Erö [2]. This algorithm is used to orient cell 

morphologies or fibers in the brain towards a particular location, which is needed to reconstruct connectivity or to measure density 

profiles. Our new version of the algorithm corrects for the edge effects that were detected in the isocortex region. We used it to 

compute the orientation field in each region of the cerebellar cortex, and the isocortex. While our results corrected most of the issues 

detected in the previous version of the orientation field, the new version yields orientations fields that are locally less smooth, in 

particular when the AV has jagged contours. We will test the possibility of smoothing the orientation field in a future iteration of the 

pipeline. The orientation fields computed by our algorithm can also be used by our depth estimation algorithm that we presented to 

measure the distance of voxels in the brain towards a particular region of the brain. This was used to compute the depth of each 

voxel of the isocortex. However, this algorithm seems to perform less well on the edges of the regions. We will reuse our method to 

improve the orientation field computation to correct for these artifacts. 

6.1.2 Refinement of the whole mouse brain cell atlas  

Erö et al. [8] described a pipeline to estimate cell densities based on ISH datasets from the AIBS and a handful of literature values 

that constrain cell numbers in the whole mouse brain. This method yielded the first version of the blue brain cell atlas (BBCAv1). 

However, this approach predicts cell densities that are in some regions inconsistent with literature values. The authors argued that 

for most regions, there is no agreement in the literature and that values often vary by almost an order of magnitude. We conducted 

a comprehensive review of the literature on densities of inhibitory neurons in the mouse brain and observed indeed a great variability 

in cell counts, most probably due to differences in acquisition techniques.  

We have therefore implemented a new method to estimate cell densities in the mouse brain, based on integrating and consolidating 

all available literature estimates available. We assumed that all estimates scatter around the ground truth and that the mean of all 

literature estimates should thus converge to this ground truth, the more values get integrated. We therefore scanned the literature 

to obtain as many estimates of inhibitory neuron counts as possible. For the other regions that were not covered by literature, we 

fitted transfer functions from ISH intensity to neuron densities to obtain density estimates in these regions. We then optimized the 

estimates obtained from literature and the fitting to make them coexist in the same cell atlas.  

With this technique we could refine the inhibitory neuron composition of the Cell Atlas and provide estimates for new types of 

neurons, including PV+, SST+, VIP+ neurons, and remaining inhibitory neuron subtypes (BBCAv2). Additionally, the BBCAv2 can be 

easily extended to include more cell types. For some regions, the assumptions underlying our new pipeline can still lead to incon-

sistent cell density estimates (from literature or the transfer functions) that we have to correct with an optimization algorithm. Our 

future improvements will therefore target to reduce the errors that our analyses detected at the end of the pipeline. Future work 

will involve integrating more literature points as they become available, improving the input data from the AIBS, refining our assump-

tions locally, and finally considering new methods for the fitting.  

The workflow that I have presented here is not restricted to inhibitory neuron types but can be applied to any pair of reference 

volumes and to any genetic marker dataset from the AIBS website, which means that this pipeline can be extended to other cell 

types, if enough cell density estimates from literature are available to allow a fitting of mean expression data.  

This project aims to involve the scientific community to contribute with open access to data, software, and tools. Our results will be 

released at http://bbp.epfl.ch/nexus/cell-atlas (Blue Brain Cell Atlas website interface). The Blue Brain Cell Atlas version 2 is expected 

to be of use for many purposes. For instance, our model will allow experimentalists to understand regional composition and permit 

computational neuroscientists to place defined cell types in their simulations. Furthermore, it sets the stage for further subdividing 
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of inhibitory interneurons into more fine-grained subclasses and allows the neuroscience community to identify areas where current 

knowledge can be enhanced by additional constraints. 

6.1.3 Refinement of the local connectivity in the whole mouse brain 

The connectivity atlas provides a cell-to-cell connectivity matrix that connects the neurons of the cell atlas with synapses. The process 

of reconstructing the connectivity in the mouse brain is broken into two types of connectivity: the long-range and short-range con-

nectivity. In this thesis, we refined the short-range connectivity to include literature findings, including connection types and their 

electrical properties. The number of brain regions and neuron types produce a large number of potential connections between any 

pair of neurons. We created a database to store cell types, connection types and their electrical parameters. We also created a Python 

interface for this database to be used in the process of generating the whole mouse brain model. We were also able to use this 

database to store the point neuron network parameters and replicate experiments from the literature. 

The refined cell atlas also yielded a refined connectivity matrix. We analyzed this new connectivity matrix and implemented our new 

method to incorporate connection types from the literature. Our future work on the connectivity atlas will involve the integration of 

more whole-brain datasets focusing long-range connections in the brain such as the ones used in Zingg et al. [31]. We will also refine 

the cortical connectome by integrating the inter-region connectivity work of Reimann et al. [116]. Additionally, we would like to 

refine the short-range connectivity to take cell orientations into account, using the orientation field algorithm presented earlier.  

6.1.4 Simulations of the whole mouse brain point neuron model 

We were able to generate a new version of the whole mouse brain point neuron model (WBM2). Although a thorough analysis of the 

whole-brain model is beyond the scope of this thesis, we still performed a few benchmark simulations to compare the new model 

with the previous version of the whole-brain model (WBM1). The benchmarks involved 3 simulations of a scaled version of the point 

neuron models: a cortical resting state simulation, a simulation of the response of a cortical circuit to stimulus as well as a whole 

brain simulation with low background activity. We conducted a thorough analysis of the spiking activity of the WBM1 and WBM2. 

We have shown that the differences observed between the versions can be explained by the changes brought with the refinement 

of the cell atlas and the connectivity atlas. We managed to obtain a steady-state activity in the isocortex. We also managed to simu-

late the scaled whole brain model for four seconds with NEST. This simulation shows that some subregions in the brain produce a 

self-sustaining activity. This activity eventually spreads across the whole brain, activating almost every region before the adaptation 

and inhibitory neuron populations block it. This creates large oscillations of spiking activity in the whole mouse brain. With future 

versions of the WBM, we would like to refine the parameters of the stimulus assigned to each neuron of the brain to match local 

region findings. We also wish to analyze in more details the cluster of regions which were producing self-sustaining high activity 

during the whole brain simulations. These regions might receive too much stimulus from our background activity or be too tightly 

connected to each other. 

6.2 Impact of our pipeline changes on the whole mouse brain model 

In this thesis, my major contribution is a new method to estimate cell densities in the whole mouse brain based on literature findings 

and a clear list of assumptions (see Chapter 3). This refinement changes drastically our approach to estimate cell type densities. 

Instead of relying on a single value from the literature, from which we could estimate the full distribution of cell types in the brain as 

in Erö et al. [8], we are now integrating every local cell counts from the literature as constraints for our model. This new method 

facilitates the integration of new literature data and guarantees that the cell atlas model agrees with the literature in terms of cell 

type distribution in the brain. The constrains that we apply on the model to maintain its consistency also reduces the variability 

observed in literature (see Figure 3-10). On the other hand, it makes it more difficult to validate the final model as every literature 

value is used to constrain it. This difficulty to validate the final model is a clear drawback of our unbiased data-driven approach. We 

therefore must rely on qualitative comparison or statistical validation (see Section 3.3.5).  

The changes to the cell atlas have a significant impact on the connectivity (see Chapter 4) and the simulation of the whole mouse 

brain point neuron model (see Chapter 5). The proportion of inhibitory neurons was indeed more important in almost every region 

of the brain (see Figure 3-7) when compared to our previous model. Now, our assumption is that the inhibitory neurons create local 

GABAergic connections. Overall, we therefore have more local inhibition in the new version of the whole brain model (see Table 4-1 

and Table 4-3) which translate in simulation with a faster suppression of any strong activity in our whole brain neural network (see 

Figure 5-6). The waves of activity are therefore shorter in amplitude and period. From our whole brain simulation, we can also observe 

that the activity in the brain seem to spread between regions using mostly local connections (see Figure 5-5). While this spreading 

can be observed, for instance in regions of the cortex [117], some short inter-region connections might be unrealistic. For instance, 
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in our mouse brain model the striatum sends axons to the frontal part of the cortex due to the proximity of the regions. But, the 

striatum short range connectivity is mostly due to its interneuron population [95], which is not connected to the cortex. Our connec-

tivity is therefore not specific enough with its targets. In our simulation results, we also see that the inhibition tends to suppress 

entirely any local activity for the entire population, resulting in an oscillating and epileptic regime in the brain. These oscillations 

quickly synchronize in almost every region of the brain, except for the cerebellum which spiking activity is stable over time and is 

very little affected by the other regions (see Figure 5-6). This can be explained by the poor coverage of the rAAV tracer injections 

targeting and originated from the cerebellum (see Figure 4-1). The waves of high neural activity seem to find their origin in regions 

of the brain that maintain a high activity during the entire simulation (see Figure 5-5). Among these regions, the thalamus is highly 

connected to the rest of the brain (see Figure 4-5 and Sup. Figure 10) and has a great proportion of excitatory neurons (i.e., approxi-

mately 80% of its neuron population according to our updated cell atlas), hence the rising part of the oscillating activity that we 

observe in the whole brain might be originated from there. The striatum maintains a high activity during the entire simulation which 

is related to its inhibitory population (which correspond to almost all its neural population) being constantly stimulated by its neigh-

boring regions (isocortex and thalamus) but also by the background noise activity that we assigned to every neuron in the brain (see 

Section 5.3.3). In our future simulations of the whole brain, we should therefore further investigate the activity of the thalamus and 

striatum of the mouse brain in a resting state. 

6.3 Assumptions of the whole brain model pipeline 

Our model of the mouse brain is built upon a list of assumptions that we want to be clearly stated to be easily challenged and refined 

with new iterations of the model.  

First our pipeline relies on a reference dataset pair (an annotation atlas and a Nissl volume). As we have extensively discussed in 

Chapter 2, the Nissl volume contains artifacts that are difficult to correct. It also represents a single mouse individual which might 

not be representative of the whole wild-type mice population. Improving the quality of Nissl volume using for instance some of the 

techniques discussed in Section 2.2.1 can play a role on the final estimates of our cell atlas. Still this dataset covers the entire mouse 

brain with a high precision and is aligned with the annotation atlas volumes. The annotations volumes (AV) from the Allen Institute 

for Brain Science (AIBS) are also not perfects. The precision of the region hierarchy is sometimes not sufficient to allow the integration 

of precise literature data (e.g., dorsal and ventral parts of hippocampal CA1). More some of the AV are very jagged along the rostro-

caudal axis which makes it difficult to accurately measure the volume of each region. Finally, the resolution of these datasets is not 

sufficient to label correctly some regions of the brain (e.g., cerebellar cortex, Purkinje layer).   We assumed for our pipeline that the 

alignment between the Nissl and annotation volume was good enough to estimate the cellular composition of the mouse brain. 

However, as we saw in Figure 2-5, this alignment is not perfect and has a significant impact on cell densities estimation. Future 

extensions of the model should therefore explore methods to improve the Nissl volume and related AV and their alignment with 

respect to one another. 

Image stacks of in-situ hybridization (ISH) datasets from the AIBS were also used to estimate the density of cell types in the whole 

mouse brain. However, as we discussed in Chapter 3, these datasets do not cover the entire brain volume and some parts of the 

brain such as the olfactory bulb are sometimes left out. We should therefore try to improve the coverage of these datasets by com-

bining multiple experiments or using more advanced interpolation techniques. Our cell atlas is built also upon assumptions about the 

cellular composition of the mouse brain. First, we assume that the Nissl and the ISH datasets from the Allen Institute show only the 

cell type of our interest. These datasets suffer however from artefacts due to acquisition methods. More, as we discussed in Section 

3.4.4, this assumption does not hold for some specific regions and cell types. These exceptions can however be taken into account, 

changing our equations on the cellular composition for these regions.  

Next, we performed a literature review for inhibitory neuron densities in the mouse brain. Some of the collected values from litera-

ture had to transformed to be integrated in our model (e.g., transform cell counts into densities using the volume of the region). Each 

of these integrations therefore were based on the explicit assumption that the collected values could be fitted in our model and that 

the values used to transform them were correct. We collected values from the literature on wild type mice, yet we did not specify 

neither the specie model as it was done in Keller et al. [17], nor the sex, nor the method used to extract these cell counts. This is 

because we are trying to build a model of an average wiild type adult mouse. It was also necessary to limit the constrains on literature 

values since we needed enough of them to build our model. In the future, we might consider to be more specific on our literature 

search especially if some acquition techniques become more reliable.  

As we refined the inhibitory neuron densities, we assumed the cell and neuron density estimates obtained with the method from Erö 

et al. [8] to be correct. However, these values were obtained using from global values from literature which means that the model 
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might be in contradiction with literature locally. We could refine these steps of the pipeline, using our new method to estimate the 

inhibitory neurons densities. 

We assumed the me-type distributions from Markram et al. [4] could be applied to the entire isocortex of our model to refine the 

cell type distribution from our cell atlas. We also imtegrated the me-type to me-type connectivity matrix from the same paper in our 

connectivity atlas. The cellular distributions and connectivity matrix from Markram et al. come however from experiments on the rat 

somatosensory cortex lower limb which might not be adapted to the entire isocortex of the mouse brain. To each neuron without an 

e-type defined by a literature source, we assigned a default e-type from Naud et al. [104]. Similarly, we assigned a default s-type to 

each connection types for which we could not find literature information. These assumptions should however be challenged to refine 

the parameters of the resulting point-neuron whole mouse brain model (WBM).  

We simulated a scaled version of the WBM on NEST. We decided to scale the network by reducing the number of neurons and 

synapses, as suggested by Erö [2], but also the scaling of the synaptic weight. This new synaptic weight value was chosen based on 

the results of simulation in the somatosensory cortex lower limb, which might not be correct for other regions. We used Poisson 

processes with a low frequency to stimulate each neuron of our circuits during our simulations. This was our solution to mimic the 

background spiking activity in the brain and obtain a resting state activity. However, the parameters of this stimulus should be dis-

cussed as they might not be adapted in every region of the mouse brain or in certain simulation configurations. 

In our pipeline we tried to clearly state and be aware of all the assumptions we take to build our model. Each of them should be 

challenged at each refinement of the pipeline in order to reduce the potential errors that they might introduce.  

6.4 Challenges related to a data-driven integration of literature data 

In this thesis we proposed a new data-driven method to integrate the literature data into a model of the mouse brain. In opposition 

with most of the approaches to reconstruct the whole mouse brain, our technique does not select literature value to constrain the 

model but rather leverage all values available in the literature. Literature on the cellular composition of the brain is indeed very 

variable due mostly to differences in the methods to count cells in the brain. The wide variety of techniques used to estimate cell 

counts makes it very difficult to evaluate the quality of the values reported in literature, even for the authors of each experiment. 

More, some studies are old and the original data or the information on the methods used might be lost. Our solution is therefore to 

average of all similar literature values without giving a weight to the different methods used to obtain them. This way we avoid a bias 

of representation of a particular method or authors. We can nonetheless analyze the literature values gathered to determine if the 

improvement of the acquisition techniques or the usage of a better annotation atlas produces a systematic drift of estimation to 

correct some of the other techniques. We assume that the literature estimates are sampled around the ground truth, which means 

that our model should converge with the integration of more and more literature values. However, doing so, we take the risk of 

sampling the variability of the literature values extracted. Our results on the cell atlas show that we managed to reduce the variability 

of the results by integrating more literature values in the model. This is due to the constrains that we impose on our cell estimates, 

between regions and cell types. On one hand, these constraints limit the field of possibility of our cell count estimates reducing the 

variability of our final model. On the other hand, the constraints might strongly override literature estimates to make them fit into 

the model. Sometimes this overriding of literature values might drastically change them. These drastic changes are easy to spot and 

can therefore trigger more precise analysis on the composition of certain regions of the brain, to assert that our assumptions make 

sense in this context. 

 

 

My efforts to improve the data-driven pipeline have generated a new version of the point-neuron model of the whole mouse brain. 

With this iteration, I have provided more analysis of the datasets consumed by the pipeline, simplified the integration of literature 

data and provided new leads to explore to further extend and refine the model. The pipeline and its tools are expected to be widely 

used by the scientific community. They provide a reference framework in which neuroscientists could integrate their own reconstruc-

tions of the mouse brain, identify areas where current knowledge can be enhanced by additional constraints and eventually collec-

tively converge on a detailed data-driven model of the mouse brain capable of reproducing experiments performed on real mice. 
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Supplementary materials  

Review of literature on densities of inhibitory neuron in the mouse brain 

We performed a systematic review of the literature for inhibitory neurons in the mouse brain. To do so, we mostly used the google 

scholar tool to find articles. Our searches involved combinations of the following key words (and their respective common abbrevia-

tions, e.g.: GAD67 for GABAergic): mouse, neurons, cells, inhibitory, GABAergic, parvalbumin, somatostatin, vasoactive intestinal 

peptide, interneurons, quantitative analysis, counts, densities, etc. We additionally searched more specifically for specific regions of 

the brain to confirm findings or try to improve our coverage of the whole brain. Except for the striatum, we only selected papers on 

mice experiments. We also made sure to select a single paper per experiment to prevent any duplicate referencing. We extracted 

the mean value provided in each paper and its standard deviation whenever this value was available, Standard Error of the Mean 

were converted to standard deviations based on the numbers of individuals used to make the estimates. A density estimate in a 

specific brain region was assumed to be valid for the entire region. If the estimates were provided in the form of counts, we converted 

these into densities using the region volume from the paper, if available, or computed from the annotation volume (AV). When ratios 

(or percentages) of neuron type in a region were provided as proportions of the local cells or neurons populations, these ratios were 

multiplied by the corresponding densities from the BBCAv1 [8]. In total, we extracted density values based on 43 different papers [8], 

[13], [14], [40], [42], [43], [50]–[52], [56], [58], [74]–[77], [83], [84], [88], [90], [93]–[95], [118]–[138]. 

For each paper providing regional counts, densities, or proportion of inhibitory neuron types, we assigned the closest matching AV 

region(s). Sometimes several regions were assigned to the same literature value, while sometimes multiple values from literature 

were averaged to fit into a region of the AV. For instance, the cortical layer 6 is subdivided into two sublayers a and b in the AV but 

some papers do not make this distinction [42], [126]. For these cases, we assumed the same densities for both subregions. 

Several papers provided densities for the frontal cortex [42], [90], [123]. This region was assumed to cover the prelimbic area, the 

frontal pole and infralimbic area of the AV.  

We extracted density values from the Table 2 of Suzuki and Bekkers [94] in the anterior part of the piriform area of the olfactory 

areas (i.e., the part in contact with the lateral olfactory tracts). In absence of a better We assumed these estimates to be true in the 

entire piriform area, The layer 1, 2 and 3 were respectively associated to the molecular layer, the pyramidal layer and the polymorph 

layer. The a and b subdivisions of the layers 1 and 2 were not present in the AV so we averaged the two estimates for each layer. 

Xu et al. [42] reported densities in the layer 4 of the frontal cortex. But this layer does not appear in the frontal part of the cortex of 

the AV, which is why the value was ignored. 

The globus pallidus densities in Gourfinkel-An et al. [40] were assumed to be the same in both its internal and external segment 

subdivisions in the AV. A global estimate of inhibitory neurons in the entire cerebellar cortex was estimated from Gourfinkel-An et 

al. based on the authors estimates in the molecular and granular layers. These estimates were multiplied by the proportion of each 

layer volume in the cerebellar cortex. No voxels of the AV are labelled as belonging to the Purkinje Layer so its contribution to the 

cerebellar cortex density estimate was null. 

Irintchev et al. [138] reported inhibitory neuron densities which we extracted from their Figure 3. However, it was not very clear from 

which region of the somatosensory cortex one of their estimates were taken from. Hence, we considered these estimates for the 

entire region. 

From Zhao et al. [120] Figure 3 we manually extracted the counts and standard deviation of GAD67 positive cells in coronal slices of 

the lateral septal nucleus. The subregions from the paper are more precise than the AV. We averaged the intermediate counts values 

with the rostro-ventral counts and assigned them to the rostroventral region of the AV. The caudal-ventral counts from the paper 

were assigned to the ventral part of the AV as the voxels assigned to this region are located at the most caudal part of the lateral 

septal nucleus. The values left of the paper were averaged and assigned to the caudal-dorsal part of the AV. Counts were then con-

verted to densities based on the volume of the counting frame (i.e., 163 * 163 * 30 µm). 
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Han et al. [77] provided counts of GAD67 neurons from whole brain 30 μm-thick coronal slices. The mean surface occupied by the 

regions of the article in the coronal slices were estimated from similar coronal slices in the AV. The resulting densities are very low 

when compared to other literature sources. These values were therefore not considered in the fitting process.  

Ono et al. [129] provided densities of GABAergic neurons in cells / 104 μm2 from 50 μm-thick transverse slices of the mouse brain. 

No standard deviation value was provided in the paper. 

The striatum GABAergic neuron densities were estimated from a collection of papers on the rodent [80], [139]–[143], see review 

from Tepper et al. [95]. From these papers, we could estimate the total proportion of inhibitory neuron in the striatum as the sum of 

the proportions of each of its distinct GABAergic cell type: 

• Medium spiny cells: 95% [80].  

• Cholinergic: 1.7% [139].  

• Parvalbumin: 0.7% [140], [141].  

• Calretinin: 0.8% [140].  

• Neuropeptide Y: 0.9% [142].  

• Tyrosine hydroxylase: 0.2% [143] 

 

The total percent of inhibitory neuron in the striatum is therefore at least equal to 99.3%, which is the value we used in our pipeline. 

In Gotts et al. [122], GAD67 immunoreactive neurons were counted in 50 μm sections of the nucleus of the solitary tract of the mouse 

brain (see their Table 1). We converted these counts into densities, using the mean volume of 50 μm coronal slices of the nucleus of 

the solitary tract in the AV. The paper’s estimates in the subregions of the nucleus of the solitary tract were matched with their 

closest region in the AV: 

• Medial part (paper) → Gelatinous part (AV) 

• Central part → Central part 

• Commissural part → Commissural part 

• Dorsomedial, Intermediate, Medial parts → Medial part 

• Interstitial, Lateral, Ventrolateral, Ventral parts → Lateral part 

 

We took the sum of the left and right hemisphere as this distinction does not exist in the AV. We also averaged all values assigned to 

the lateral and medial subregions in the AV. 

Counts of GAD67 neurons in the mouse nucleus of the solitary tract from 10 sections (100 * 100 * 50 μm) were manually extracted 

from the Figure 1F in Wang and Bradley [135].  

In Okada et al. [136], densities of GAD67 neurons in the mouse nucleus of the solitary tract were measured by the authors in 4 areas 

of the regions. The average of the densities in the areas was taken, as the areas taken by the authors did not correspond to any of 

the AV subregions. 

Lefort et al. [41] provided counts of inhibitory neurons in a cylinder of the C2 barrel column of the mouse isocortex. We transformed 

the counts into densities based on the dimensions of the cylinder provided by the authors. We additionally applied the densities in 

the C2 barrel column to the whole barrel region (including the septa). 

Almási et al. [126] provided inhibitory neuron densities in the somatosensory cortex, barrel field. The estimates from the layer 5a 

and 5b in the paper were averaged as the AV does not have this layer subdivision. 

Jinno and Kosaka [119] and Whissell et al. [123] reported densities in the dorsal and ventral parts of the hippocampus. This subdivision 

of the hippocampus is not present in the AV, and as a result, the values reports were averaged to represent the full region. Addition-

ally, estimates from the lateral and medial subdivisions of the visual areas from Whissell et al. were averaged for similar reasons. 

Hafner et al. [121] provided counts of VIP+ neurons in the somatosensory cortex, barrel field. These counts were converted into 

densities using the size of the area used to count the cells (0.1 mm * 0.24 mm) multiplied by the mean depth of the region, based on 

measurements from Lefort et al. [41]. 

From Erö et al. [8], we finally extracted the neuron densities in regions reported in literature to be fully inhibitory. These includes the 

layer 1 of the isocortex [13], the molecular layer of the cerebellar cortex [14], the reticular nucleus of the thalamus [133]. 
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Supplementary figures 

 

Sup. Figure 1: Global impact of the annotation atlas on cells and neuron densities. 

(A), (B), (C) Distribution of cell and neuron density values reported in literature against generated densities for similar regions, using the 3 pairs of 

annotations and Nissl volumes (from left to right: Erö et al. 2018, CCFv2 from the AIBS, CCFv3 from the AIBS). When multiple literature sources are 

available for the exact same region, they are both shown as a data point and are linked together. The color encodes the brain regions according to 

the AIBS region color palette, while the shapes of the points encode for cell types. The middle line delimits equal quantities, while the dashed line 

shows the average deviation of 2.7-fold between literature values reporting on the same region. Some subregions of the brain are not represented 

in CCFv3 which explains the different numbers of points.  

(D), (E), (F) Histogram of the brain regions in terms of neuron density values for the 3 pairs of annotation and Nissl volumes (from left to right: Erö et 

al. 2018, CCFv2 from the AIBS, CCFv3 from the AIBS). Each region is represented with a single-color patch of the same size. 
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Sup. Figure 2: Cortical orientation field computed from each cortical subregion individually. 

Sagittal view and coronal views of the isocortex orientation field. To each voxel of the isocortex in the AVBBP is assigned a 3D vector defined with the 

method described in Section 2.2.4, but treating each subregion of isocortex individually. The Red Green and Blue proportions of the voxel colors 

correspond to the orientation vectors norm on respectively the coronal, axial and sagittal plane, black lines are their projected axis. Colors represent 

the orientation vectors norm on their respective plane, black lines their projected axis. The blue line in (A) shows the position of the coronal slice 

shown in (B). 
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Sup. Figure 3: Algorithm 1: Cap inhibitory densities to number of neurons. 

The estimated counts of GAD67+ neurons and the sum of PV+, SST+, VIP+ neurons counts are limited by the previously computed neuron counts (step 

2 of the BBCAv2 pipeline - see Figure 3-1) to ensure that assumptions 2 and 3 are fulfilled (see Section 3.2.4). Recall that R is the set of brain regions, 

∀ r ∈ R inversely ordered according to their depth in the region hierarchy of the AV (Ro), the algorithm checks if the conditions nNeur ≥ nGADr and 

nNeur ≥ nPVr + nSSTr + nVIPr are satisfied. If not, it finds a solution which tries to match the following properties, ordered by priority: (1): Remain in 

range of the standard deviation of each value (confidence intervals), (2): Maintain the proportion of PV, SST and VIP within the region. If a solution 

exists within the confidence intervals, then the number of extra neurons (diff variable at line 19) is subtracted proportionally to the ratio of each 

neuron type (computed at lines 16-18). Then, if one of the neuron type estimates reaches the minimum of its confidence interval, then it is no more 

reduced (lines 20-22) and the remaining extra neurons are subtracted from the other neuron type estimates (lines 25, 28, 31). 
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Sup. Figure 4: Algorithm 2: Maintain inhibitory densities coherence. 

This algorithm corrects the estimated densities of PV+, SST+, VIP+ and GAD67+ neurons in the model so that assumption 4 of Section 3.2.4 is fulfilled. 

R is the set of brain regions, ∀ r ∈ R inversely ordered according to their depth in the region hierarchy of the AV (RO), the algorithm checks if the 

condition nGADr ≥ nPVr + nSSTr + nVIPr is satisfied. If not, it finds a solution which tries to match the following properties, ordered by priority: (1): 

Remain in range of the standard deviation of each value (confidence intervals), (2): Maintain the proportion (ratios) of PV, SST and VIP. When a set of 

value exists so that the property (1) is fulfilled, there is a correction factor q ∈ [0,1] which corresponds to the fraction of standard deviation needed 

to guarantee that the sum of the inhibitory subtypes remains under the estimated count of inhibitory neurons and that each value remains within its 

confidence interval. 
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Sup. Figure 5: Cortical inhibitory density distribution. 

(A) Normalized distribution of cortical inhibitory neuron densities across the isocortex subregions grouped by layers. For each layer, the fitted normal 

distribution associated is displayed as a line on top of it. The normal distributions of L2/3 (mean 1.6x104, std. 3.8 x103), L4 (mean 1.9x104, std. 4.1 

x103) and L5 (mean 1.8x104, std. 3.1 x103) are overlapping significantly. 

(B) Distribution of inhibitory neuron densities according to cortical layers for each subregion of the isocortex. For most of the cortical subregions, the 

density is constant from L2 to L5 and drops for L6. 
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Sup. Figure 6: Resting state firing rate comparison for the different e-type populations of SSCtx-LL between the WBM1 and WBM2. 

Comparison of the mean instantaneous firing rate of the different e-type populations between the different versions of the whole mouse brain model 

in a resting state. The WBM1 (in dark orange) corresponds to the version presented in Erö [2], while the WBM2 (in blue) represents the refined version 

after the extension to the cell atlas (see 0) and the local connectivity refinement of Chapter 4.  
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Sup. Figure 7: Spiking activity of the excitatory and inhibitory populations of the whole mouse brain model. 

This figure shows the results of the WBM point neuron network simulated for 4 seconds while stimulated by a low background noise activity. 

(A)(B) Comparison of the mean instantaneous firing rate of respectively the excitatory and inhibitory populations between the different versions of 

the whole mouse brain model. The WBM1 and WBM2 appear respectively in orange and blue. 

(C) Spectrum analyses comparisons for the whole neuron population of the WBM1 and WBM2, shown in respectively orange and blue. 

(D) Raster plot of the whole brain model spiking activity sorted by brain region. Each dot represents a spike, and its color corresponds to its region. 

The color coding matches the AIBS brain region color palette. 

 

 
Sup. Figure 8: Afferent and efferent connections of the SSCtx-LL. 

(A) Distribution of the connections coming from the rest of the brain towards the somatosensory cortex and (B) going out of the somatosensory 

cortex. The connections with the Isocortex are in majority and therefore not shown. Region shown: Thalamus (TH), Hippocampal formation (HPF), 

OLF (Olfactory areas), Cortical subplate (CTXsp), Hypothalamus (HY), Hindbrain (HB), Midbrain (MB), Pallidum (PAL), Cerebellar nuclei (CBN), Cerebel-

lar cortex (CBX) and Striatum (STR). 
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Sup. Figure 9: Neuron type distribution in the BBCAv1 Somatosensory cortex lower limb. 

A. Coronal view of the BBCAv1 neuron distribution in the Somatosensory cortex lower limb region (SSCtx-LL). This panel shows the positions of distinct 

types of neurons in the different layers. Inhibitory and excitatory cells appear respectively in red and blue. 

B. Distribution of neuron counts in SSCtx-LL according to their distance to the pia. The excitatory distribution is displayed with the blue line, the 

inhibitory population with the red line and the sum of the two is shown in gray. AV mean layer limits are represented as vertical dash lines. 

C. Distribution of Inhibitory Morphological types (m-types) in SSCtx-LL according to their layer (left panel) and their distance from the pia (right panel). 

Each m-type population is represented with the same color in both panels. The left panel shows the proportion of the inhibitory m-types in each layer 

as percentage. The right panel shows the cumulative distribution of the inhibitory m-types according to their distance to the pia. AV mean layer limits 

are represented as vertical dash lines. 

D. Distribution of Inhibitory Electrical types (e-types) in SSCtx-LL according to their layer (left panel) and their distance from the pia (right panel). The 

panels are analog to C. 
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Sup. Figure 10: Generated neuron-to-neuron connectome of the refined whole mouse brain model. 

Cumulative combination of long-range and short-range connectivity. Each line and column of the matrix correspond to a brain region. Each pixel 

crossing a source and target region is either blank if there is no connection between the two regions or colorized according to the source region. The 

colors correspond to the AIBS brain regions color palette. Acronyms correspond to the AV naming convention [34] (see Sup. Table 1).  The transpar-

ency of the colorized pixel is proportional to the total number of synapses between the pair of regions, in logarithmic scale.  
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Supplementary tables 

Abbrevia-
tion 

Full name 

Brain Regions 

ACA Anterior Cingulate Area 

ACAd Anterior cingulate area, dorsal part 

ACAv Anterior cingulate area, ventral part 

AId Agranular insular area, dorsal part 

AIp Agranular insular area, posterior part 

AIv Agranular insular area, ventral part 

AUDd Dorsal auditory area 

AUDp primary auditory cortex 

AUDpo Posterior auditory area 

AUDv Ventral auditory area 

BCtx / 
SSp-bfd 

Primary somatosensory area, barrel field 

CA1 Field CA1 

CA3 Field CA3 

CB Cerebellum 

CBXpu Cerebellar cortex, Purkinje layer 

CTXsp Cortical subplate 

DG Dentate Gyrus 

ECT Ectorhinal area 

FRP Frontal pole, cerebral cortex 

GU Gustatory areas 

HPF Hippocampal Formation 

HY Hypothalamus 

ILA Infralimbic area 

ISO Isocortex 

MB Midbrain 

MOp Primary motor area 

MOs Secondary motor area 

MY Medulla 

OLF Olfactory areas 

ORBl Orbital area, lateral part 

ORBm Orbital area, medial part 

ORBvl Orbital area, ventrolateral part 

P Pons 

PAL Pallidum 

PERI Perirhinal area 

PL Prelimbic area 

PTLp Posterior parietal association areas 

PV parvalbumin 

RSPagl Retrosplenial area, lateral agranular part 

RSPd Retrosplenial area, dorsal part 

RSPv Retrosplenial area, ventral part 

SSp Primary somatosensory area 

SSp-ll primary somatosensory cortex lower limb 

SSp-m Primary somatosensory area, mouth 

SSp-n Primary somatosensory area, nose 

SSp-tr Primary somatosensory area, trunk 

SSs Supplemental somatosensory area 

STR Striatum 

SUB Subiculum 

TEa Temporal association areas 

TH Thalamus 

VISal Anterolateral visual area 

VISam Anteromedial visual area 

VISC Visceral area 

VISl Lateral visual area 

VISp Primary visual area 

VISpl Posterolateral visual area 

VISpm Posteromedial visual area 
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General 

AAV Adeno-associated virus  

AIBS Allen Institute for Brain Science 

AV Annotation Volume 

BBCA Blue Brain Mouse Cell Atlas pipeline 

BBP Blue Brain Project 

CCF Common Coordinate Framework 

EXC Excitatory neurons 

GABA Gamma-Aminobutyric acid 

GAD Glutamic acid decarboxylase 

GFP Green Fluorescent Protein 

INH Inhibitory neuron 

IoU Intersection over Union 

ISH In situ hybridization 

LAMP5 
Lysosomal associated membrane protein family 
member 5 

SST Somatostatin 

VIP Vasoactive intestinal peptide 

Morphological types 

BP Bipolar cell 

BPC Bitufted pyramidal cells 

BTC Bitufted cells 

CHC Chandelier cells 

DAC Descending axon cells 

DBC Double bouquet cells 

HPC Horizontal pyramidal cells 

IPC Inverted pyramidal cells 

LAC Large axon cells 

LBC Large basket cells 

MC Martinotti cells 

NBC Nest basket cells 

NGC Neurogliaform cells 

NGC-DA 
Neurogliaform cell with dense axonal arboriza-
tion 

NGC-SA 
Neurogliaform cell with slender axonal arboriza-
tion 

PC Pyramidal cells 

SAC Small axon cells 

SBC Small basket cells 

SP Star pyramidal cells 

SSC Spiny stellate cells 

TPC Tufted pyramidal cells 

UPC Untufted pyramidal cells 

Electrical types 

BAC Burst accommodating 

BIR Burst Irregular 

BNAC Burst non-accommodating 

BSTUT Burst stuttering 

CAC Continuous accommodating 

CADpyr Continuous accommodating for pyramidal cells 

CIR Continuous irregular 

CNAC Continuous non-accommodating 

CSTUT Continuous stuttering 

DNAC Delayed non-accommodating 

DSTUT Delayed stuttering 

Sup. Table 1: Non standard abbreviations. 
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PV SST VIP GAD67 exp. 1 GAD67 exp. 2 GAD67 combined 

Cerebellum alpha 455673 141748 79034 578316 578316 578316 

R2 0,431 0,330 0,264 0,276 0,276 0,276 

std 28429,062 23931,201 16547,927 67953,049 67953,049 67953,049 

Isocortex alpha 296406 252262 231141 345848 345848 345848 

R2 0,464 0,506 0,374 0,370 0,370 0,370 

std 9666,257 7804,143 10478,781 33750,389 33750,389 33750,389 

Rest of the brain alpha 118247 315793 115370 526450 526450 526450 

R2 0,479 0,343 0,565 0,135 0,135 0,135 

std 4867,745 16968,697 5784,828 99696,489 99696,489 99696,489 

Sup. Table 2: Results of the transfer function fitting. 
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